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ABSTRACT OF THE DISSERTATION

Transformation of High-Throughput Data into Hierarchical

Cellular Models Enables Biological Prediction and Discovery

by

Michael Harris Kramer

Doctor of Philosophy in Biomedical Sciences

University of California, San Diego, 2016

Professor Trey Ideker, Chair

A holy grail of bioinformatics is the creation of whole-cell models with the ability
to enhance human understanding and facilitate discovery. To this end, a successful and
widely-used effort is the Gene Ontology (GO), a massive project to manually annotate
genes into terms describing molecular functions, biological processes and cellular

components and provide relations between terms, e.g. capturing that “small ribosomal
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subunit” and “large ribosomal subunit” come together to make “ribosome”. GO is widely
used to understand the function of a gene or group of genes. Unfortunately, GO is limited
by the effort required to create and update it by hand. It exists only for well-studied
organisms and even then in one, generic form per organism with limited overall genome
coverage and bias towards well-studied genes and functions. It is not possible to learn about
an uncharacterized gene or discover a new function using GO, and one cannot quickly
assemble an ontology model for a new organism, cell-type or disease-state.

Here we change this state of affairs by developing and utilizing the concept of
purely data-driven gene ontologies. In chapter two, we show that large networks of gene
and protein interactions in Saccharomyces cerevisiae can be used to computationally infer
a data-driven ontology whose coverage and power are equivalent to those of the manually-
curated GO. In chapter three we further develop the algorithmic foundations for data-driven
ontologies, laying the groundwork for machine learning to intelligently integrate many
types of experimental data into ontology models. In chapter four, we focus on a cellular
process (autophagy in Saccharomyces cerevisiae) and develop a framework (Active
Interaction Mapping) which guides experimental selection, systematically improves an
existing process-specific ontology model and uncovers new autophagy biology. Finally, in
chapter five, we illustrate the power of hierarchical whole-cell ontology models for
biological modeling by demonstrating an ontology-based framework for translation of
genotype to phenotype.

Overall, this work provides a roadmap to construct data-driven, hierarchical models
of gene function for the whole cell or a specific cellular process and illustrates the power

of these models for both discovery of new biology and biological modeling.
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CHAPTER 1
INTRODUCTION

Whole cell models with the ability to illuminate useful biology have long been a
primary goal of the field of bioinformatics (Tomita, 2001; Tomita et al., 1999). One of the
most successful and widely-used efforts to this end has been the Gene Ontology (GO)
project, an exhaustive effort to represent the functions of genes in cellular level processes
across organisms (Ashburner et al., 2000; Gene Ontology, 2001). GO is "the default source
of functional annotations for virtually every experimental system and the gold standard for
measuring the success of bioinformatic methods” (Dolinski and Botstein, 2013). It is
extensively utilized by researchers in a wide variety of situations, from those studying
specific questions of basic biology to those trying to interpret the possible effect of a gene
mutation discovered in a GWAS study (Holmans et al., 2009; Wang et al., 2010). For those
who have performed genome-wide experiments, overlap of a set of experimentally
discovered genes with genes annotated to a given GO term is the gold standard method for
determining the function of such a gene set (Huang da et al., 2009; Khatri and Draghici,
2005; Maere et al., 2005).

The GO project actually consists of two distinct but complementary efforts - one to
construct a set of terms which represent the inner workings of the generic eukaryotic cell,
and another to assign genes to those terms for specific organisms. For the first effort, GO
curators have constructed and currently maintain and update three general sets of terms
which form three distinct ontologies designed to capture different aspects of gene function
- Molecular Function, Cellular Component, and Biological Process. Each of these

ontologies is a hierarchical set of terms, such that more general terms are "parents” to less



general "child" terms (Figure 1). For example, in the Cellular Component ontology, “small
ribosomal subunit” and “large ribosomal subunit” are child terms underneath “ribosome”,
and in the Biological Process ontology, "M phase of mitotic cell cycle” and "interphase of
mitotic cell cycle™ are each child terms beneath "mitotic cell cycle". For the second effort,
species specific experts from organizations such as the Saccharomyces Genome Database
(SGD) for S. cerevisiae, FlyBase for Drosophila melanogaster, and the European
Bioinformatics Institute (EBI) for Homo sapiens painstakingly create and update the

annotations of specific genes to specific functions in each of the three available ontologies.

; Biological process

Cellular process £

28 5= ~ Response to stimulus
Cell communication /7~ " \)*’\.,4_\
\

. .K ) TN Cellular \ T R
Signal transduction l/ D, e ~— physiological \ ° esponse to stress

a4 /process \  Responseto |

Intracellular signalling r"ﬂ\""' \ /"' 7 . \_ endogenous
' P D N stimulus \
R % ( JCell surface receptor Ve /o Cellular ~—— \
ntracellular A~ linked 1l : /7 1 3 i \
receptor-mediated .:‘S /// rec e /’/ /| jmetabolism =@ RyResponse to
5 % s / ~ ~. - i
signalling | Enzyme-linked cell /  ()Celldeath N Regulation of { DNA-damage stimulus
| | receptor signalling / cycle / ’ il A cellular metabolism
| \ / ¢ yProgramm
Steroid hormone () \ / \ AN . ¥
¥ b Transmemrane | ° (celldeath | Nucleic acid )
ecepeer Sgraling Xe oRTK signaling ~ /  Cell proliferation | | metabolism s QDN\A epar
\\ / (J,Apoptosus { : i OBNA X . TTOMMR
Androgen receptor O Regulation of cell-cycle / frh\e(z‘t))ho(l)rs:sr \ " metabolism N q
signalling A progression { ¥ G
AN O Regulation ONER
- \ “ of apoptosis Transcription (DN replication |
Negative regulation of \esstie Phosphate | /
cell cycle progression .Cell-cycle Oregﬁ(anon ‘\melabohsm \\ Og::mm‘ /‘
checkpoint \of apoptosis / p /
\ / Regulation of f
Phosphorylation / transcription /
. / \
Anfi-agoptosts [ Transcription \,\ Transcnphorgcoupled NER
°DNA-dependenl \
Transcription from g T e— Regulation of transcription,

RNA pol Il promoter DNA-dependent

Nature Reviews | Cancer
Figure 1. Structure of the Gene Ontology. A schematic representation of a cancer-related
section of the Biological Process Gene Ontology, taken from Hu et al., 2007. Parent terms
are above child terms in the hierarchy, with lines representing a relationship.

Several issues, however, have arisen as GO has grown to its current, expansive state

(it now encompasses >38,000 unique terms and >64,000 term-term relations which are



used to annotate >80 different species) (Fraser and Marcotte, 2004; Leonelli et al., 2011).
First, despite stringent curation standards, it has been difficult to maintain consistency in
how terms are created and genes are annotated across domains of expertise, as different
expert curators are responsible for different sections and species of GO. Second, there is a
strong bias in the GO in favor of coverage and annotation of well-studied functions and
processes and away from the annotation and coverage of terms representing newly
discovered or less well-studied functions and processes. Third, it simply takes a massive
amount of manual effort to create, update and maintain both the ontologies and the species-
specific annotations. This has led to a system where the GO annotations for various species
are kept up-to-date to varying degrees. Even in a best case scenario, researchers are able to
support only a single version of GO annotations for each organism — there is no such thing
as a cell-type specific, condition specific or disease-state specific GO. All of these issues
lead to problems when trying to use GO ranging from the insertion of bias into the training
of a newly developed bioinformatic method with GO as a gold standard, to a researcher
missing the true functional effect of a treatment condition under examination because the
area of GO representing that function has not been updated, to a researcher working on a
less well-studied organism being required to infer function solely based on orthology with
genes in another organism's GO.

It has previously been suggested that many of these problems with GO could be
addressed by an alternative to manually curated ontology construction - direct construction
of ontologies from data (Fraser and Marcotte, 2004). This goal, however, has proven
elusive despite recognition by those involved in the original founding of GO that "a

scalable, automated approach would eventually be required because of the size and



complexity of the ontology" (Dolinski and Botstein, 2013). Still, there has been some
progress in related tasks or tasks which form a subset of those required to create a de novo
ontology directly from data. There have been relatively successful attempts to infer
functional relationships between individual genes (Costello et al., 2009; Kim et al., 2008;
Leeetal., 2010; Lee etal., 2004; Lee et al., 2008; Lee et al., 2007). There have been efforts
to infer the correct placement of unannotated genes into the existing Gene Ontology
hierarchy (Pena-Castillo et al., 2008; Yan et al., 2010). There have been numerous
algorithms created to "cluster" genes hierarchically into functional groups based on
network data (Eisen et al., 1998; Girvan and Newman, 2002; Park and Bader, 2011; Zhang
and Horvath, 2005). This hierarchy, however, is generally flattened with a cut at a given
level and isolated gene sets are then examined individually for enriched overlap with GO
terms (D'Haeseleer, 2005; Gibbons and Roth, 2002; Khatri and Draghici, 2005). There
have even been some attempts to show that smaller clusters of genes can sometimes be
grouped into larger, biologically meaningful clusters (Dotan-Cohen et al., 2009; Jaimovich
et al., 2010; Kelley and Ideker, 2005; Ravasz et al., 2002; Tanay et al., 2004). However,
there has not previously been a comprehensive method to create a purely data-based,
hierarchical, whole cell ontology model including both the hierarchical relationships
between terms and assignments of genes to terms. Here we will examine the potential to
do just this. We will also explore several potential uses of these hierarchical cell models,
including 1) use of a data-driven hierarchical model to guide interaction mapping of yeast
autophagy and extract high-value biologically relevant information from a new high-
throughput experimental dataset, and 2) the usage of the hierarchical cellular models

created to translate genotype to phenotype.
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CHAPTER 2

Reprint of “A gene ontology inferred from molecular networks.” Published January 2013

in Nature Biotechnology.

A gene ontology inferred from molecular networks

Janusz Dutkowski!, Michael Kramer!, Michal A Surma?3, Rama Balakrishnan?, ] Michael Cherry*,

Nevan ] Krogan®3 & Trey Ideker!-®

Ontologies have proven very useful for capturing knowledge as a
hierarchy of terms and their interrelationships. In biology a major
challenge has been to construct ontologies of gene function given
incomplete biological knowledge and inconsistencies in how this
knowledge is manually curated. Here we show that large networks
of gene and protein interactions in Saccharomyces cerevisiae
can be used to infer an ontology whose coverage and power are
equivalent to those of the manually curated Gene Ontology (GO).
The network-extracted ontology (NeXO) contains 4,123 biological
terms and 5,766 term-term relations, capturing 58% of known
cellular components. We also explore robust NeXO terms and
term relations that were initially not cataloged in GO, a number
of which have now been added based on our analysis. Using
quantitative genetic interaction profiling and chemogenomics,

we find further support for many of the uncharacterized terms
identified by NeXO, including multisubunit structures related to
protein trafficking or mitochondrial function. This work enables

a shift from using ontologies to evaluate data to using data to
construct and evaluate ontologies.

Ontologies are central to many branches of biomedical research. In
recent years, numerous ontologies have been developed to capture
structured knowledge about taxonomy, anatomy and development,
cellular and molecular function, bioactive compounds, and clinical
diagnosis and disease, and other areas!2. One very successful ontol-
ogy is the GO, which aims to unify all knowledge about biological
processes, cellular components and molecular functions through a
hierarchy of biological terms which are, in turn, used to describe
genes®. GO is widely used for systematic assessment of the key func-
tions and processes enriched in a set of genes identified by genomic,
transcriptomic or proteomic data. The development of GO was trans-
formational because it provided a gold-standard reference of gene
functions against which any data set could be assessed.

Historically, GO (and most other ontologies'?) has been built and
curated manually by teams of domain experts. However, as ontologies
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grow in size and complexity—GO currently represents a total of
34,765 terms and 64,635 hierarchical term-term relations annotating
genes from >80 species—manual curation is encountering a series of
hurdles that are becoming increasingly difficult to surmount*>. First,
despite stringent curation standards and the availability of advanced
text-mining tools®”, it has been difficult to maintain consistency in
how literature and domain expertise translate to terms and relations
in GO. Second, there has been a strong bias in coverage within GO
toward processes that are well-studied, and a corresponding lack of
coverage of processes that have been more recently identified. Such
problems are difficult to assess due to the lack of any definitive gold
standard for the rigorous validation of GO.

One solution to these problems would be to systematically struc-
ture an ontology using large-scale data sets. Such data sets could be
used not only to assign genes to existing terms® but also to directly
infer new terms and their hierarchical relationships. Systematic infer-
ence of ontologies is an area of active research®!” but has not, to our
knowledge, been applied to construct gene ontologies from omics data
(although doing so has been suggested*). High-throughput measure-
ments of genetic and protein interactions'!~!> and mRNA expression
profiles!®, for example, are available and are already being used to
build network maps of the cell'7-2°. Although these networks are often
analyzed using hierarchical clustering methods®!~23, the full hierarchy
is almost always reduced to a flat set of gene clusters in which one can
test for enrichment of existing GO terms?#-2%. In a few cases, it has
been shown that some clusters of interactions can be grouped to form
larger clusters that represent higher-order biological units?’-32, The
key question, however, is whether the interaction networks can be
used to systematically infer a hierarchy of clusters that is analogous to
the complete hierarchy of terms represented by GO. If so, one enticing
possibility is that the existing collection of high-throughput network
maps for an organism could be analyzed to automatically (or semi-
automatically) reconstruct and improve GO.

RESULTS

Gene networks embed hierarchical structure consistent with GO
To analyze the agreement between gene networks and GO, we focused
on four fundamental types of large interaction networks: physical pro-
tein-protein interactions, genetic interactions (synthetic lethality and
epistasis), co-expressed genes and an integrated functional network
known as YeastNet?* (Online Methods and Supplementary Table 1).
Within each of these networks, we examined the interactions fall-
ing within and between existing GO terms. The interaction density
of each term was computed as the fraction of gene pairs assigned
to that term for which an interaction was present in the network



" fe— ;ﬁ;:il:‘a?‘ 0.50 W Actual network
— Genetic = Random network
1/4 —— Co-expression preserving specific
7] —— Random network _ ~ 0.20 - terms (k < ko)

> O

B 2N

c 9 x

S 1/16 5% 0.10 4

& 55

- 1164 88 %%

= 7 5}

£ 2 §’

0.02
1/256 v
0.01 -
T T T T T T T T T
Small}erms Large terms 4 8 16 32 64 128 256 512 1,024 4 8 16 32 64 128 256 512 1,024
eenctel fgonera) Teimn siza e Size threshold for general terms, k,
d Step 1 Step 2 Step 3 e
g 4
E Clustering
2 N
= Term Allowance for multiple parents
o
c
Q
0]
Parent-child

relation

Specific terms

Hierarchy of network communities
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(Fig. 1a and Online Methods). In all four networks, we found that
the interaction density of GO terms was substantially greater than
that expected for random networks (Fig. 1b), indicating general
agreement between the network and GO. Although the highest
interaction density was observed for specific GO terms (those with
few annotated genes), elevated density was also observed for more
general terms at all levels of the GO hierarchy. Notably, interaction
density for general terms could not be explained simply by the den-
sity of more specific terms contained within them (Fig. 1¢). Rather,
dense patterns of network interactions span the specific GO terms
that fall underneath the same general term, providing evidence
that networks embed hierarchical information consistent with that
captured by GO.

Inferring ontologies from networks

Motivated by these results, we developed a multistep automated
system for the assembly of gene ontologies based on network data
(Online Methods). First, biological networks are integrated and a
hierarchy of network communities is identified based on a proba-
bilistic model for community detection3>33. This approach seeks to
construct a binary tree, or dendrogram, that maximizes the overall
probability of the network data by hierarchically joining sets of genes
with similar patterns of interactions (Fig. 1d, Step 1). These gene

sets, represented by nodes in the tree, identify biological entities cor-
responding to terms in an ontology. Joining two sets, represented by
connecting two nodes beneath a third, identifies specialized terms
that are part of a more general term.

Although the binary tree enables a computationally tractable
approximation of the term ‘hierarchy, it artificially requires that every
term (except those at the root and leaves) connect to exactly two
specialized terms below it and a single, more general, term above it.
However, many cellular processes, components and functions are
composed of more than two parts and participate in multiple parent
processes—types of relations that are well-represented by GO. Hence,
we transformed the original binary tree to match this more flexible
ontology structure. In particular, we identified binary joins in the tree
that can be replaced by multiway joins to increase the overall prob-
ability score. In addition, the tree was supplemented with optional
new connections from nodes to second parents when such relations
were supported by the network data (Fig. 1d, Step 2).

To directly map and compare this computed ontology to manu-
ally curated ontologies such as GO, we had to develop an algo-
rithm for alignment of gene ontologies (Fig. 1d, Step 3). Our
approach extends general methods for ontology alignment from the
computational and cognitive sciences, and matches terms between
ontologies based on similar gene assignments and similar positions in



Cytosolic large
ribosomal subunit

Cytosolic
ribosome

Ribosomal
. subunit

Cytosolic small
ribosomal subunit

Small-subunit :
processome Pre-ribosome, large

subunit precursor

Microtubule
cytoskeleton *

Intra@@ilular

Ribonucleo-
Protein complex

Term size  Alignment
no. of genes) score

5,000 (§

2,500 ¢

1,000
500
100

Nuglear
part

Chromatin
remodeling

High complex

Spliceosomal
complex

U1

0 ¥ PREZ pes
complex PUP2 PRE4. goiy
Regulatory.
particle@ ~ o Y87¢
SEM !
RPN13
RPN3 RPN
RPNE ~ RPNY

RPNTIRPN1O
.

PUPARES pppgPRES

BLMID pggno

2 RPT,

RPTS "gonp PT2 REN7
RPT4,

Physical

Genetic

PREY RoNTD

= "5"3“1;
RADR3 RPN2 AN

10

Cellular
component
A (root)

Membrane

Proteasome
complex

Site of
polarized
growth Regulation of

polymerization

Actin

cytoskeleton Polymerizatiofior

depolymerizatiol

Cortical actin “*
cytoskeleton

Cell wall chitin
biosynthetic — &

Golgi process

apparatus complex
% F-actin capping

process protein complex

d

PREBPRE2
PRES ', SCL+
PRESVPRES
REN7
RPT2 SEM 1
RENO genis
B8 a2 R o
RPNS RPNS id
" png RET UBps RPN13
RPN6
i

Co-expression
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(b-d) The subcomponents of the proteasome as identified by NeXO (b) are

displayed by applying a force-directed network layout (c), as is commonly

used, and a layout showing interactions falling within and between subcomponents (d).

the hierarchy. In contrast to simpler measures that rely strictly on gene
assignment, for example, a hypergeometric test or gene set enrich-
ment33, term mappings are unique (each term is mapped to at most
one term in the other ontology) and respect topological constraints
(Fig. 1e). The effects of this alignment procedure are threefold:
to allow for immediate transfer of term labels and definitions from

GO, to identify novel terms not found in GO, and to identify consist-
ent and conflicting term-term relations.

The yeast NeXO
We next applied this pipeline to assemble an ontology from the
four large yeast networks we had previously obtained. The resulting
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network-extracted ontology, NeXO, contained a total of 4,123 terms
and 5,766 term-term relationships; the complete ontology is pro-
vided in both OBO (Open Biological and Biomedical Ontologies)
and Cytoscape formats (Supplementary Note 1 and Supplementary
Files 1, 2). NeXO’s central tree structure (Fig. 2a) has three major
branches, which correspond to the intracellular compartment, the
membrane and the mitochondrion, respectively. Within the major
branches, in particular the intracellular compartment, many subtrees
align with major cellular components that are annotated in GO, such
as the ribosome and actin cytoskeleton (Fig. 2a, insets), as well as the
proteasome, chromatin remodeling complexes and the spliceosome.
The NeXO hierarchy not only identifies these components but also
captures their internal organization. For example, the proteasome con-
sists of the core complex and regulatory particle, which in turn contain
the alpha and beta subunits and the base and lid complexes, respec-
tively, all of which are captured by the NeXO ontology (Fig. 2b). This
hierarchical organization is determined completely by the network
based on the density of interactions between and within the different
proteasome components (Fig. 2¢,d). Some of this structure is visual-
ized in a force-directed layout of the raw interaction data (Fig. 2c),
which broadly segregates the proteasome into two clusters of protein
interactions, but the full structure becomes apparent only after hier-
archical module detection and alignment against GO (Fig. 2b).
Based on the ontology alignment, we found that 33% of terms in
NeXO map to terms in the three GO ontologies (Biological Process,
Cellular Component, Molecular Function) with many terms map-
ping to more than one ontology (Fig. 3a). Conversely, NeXO captures
nearly 60% of terms in the Cellular Component ontology and roughly
a quarter of terms in the other two GO ontologies (Fig. 3b). Thus,
NeXO largely represents an ontology of cellular components, which
might indicate that these are the structures best highlighted by the
input networks. In addition, we found that NeXO captures all levels
of the GO hierarchy including both general and specific GO terms
(Fig. 3¢c). Finally, genes in GO terms that align to NeXO were much
more densely connected than genes in unaligned GO terms (Fig. 3d),
verifying that NeXO tends to correctly identify GO terms if they have

good network support. We considered that some of this observed
correspondence between NeXO and GO might occur by construc-
tion, since cut-off thresholds for two of the input networks (YeastNet
and co-expression) had been optimized to connect genes with similar
GO Biological Process annotations. However, very similar alignment
results were obtained when these two networks were removed and
NeXO was built using the remaining protein-protein and genetic
interaction networks that have not been influenced by GO in any
explicit way (Online Methods and Supplementary Fig. 1). Moreover,
the NeXO-GO alignment remained relatively stable over a wide range
of thresholds for identifying protein-protein and genetic interactions
(Supplementary Fig. 2). Finally, we found that the alignment results
were stable when excluding gene-to-term associations in GO based on
high-throughput interaction data (Supplementary Fig. 3).

To further validate NeXO in comparison to GO, we used both ontol-
ogies to perform a functional enrichment analysis of gene sets, the
task for which GO is most often used?*2%. To this end, we downloaded
two large data sets that had not been used in ontology construction:
a genome-wide screen for genes required for growth across 418 exper-
imental conditions®® and a database of direct gene targets for each of
183 transcription factors®”. NeXO identified significantly enriched
(false discovery rate < 5%) terms in the sets of required genes for
244 of the experimental conditions (58%)—an improvement over all
three GO hierarchies (Fig. 3e). NeXO also yielded enriched terms for
126 transcription factor target sets (69%), matching the best result
for GO but with a smaller number of terms (Fig. 3f). Thus, the data-
driven ontology provides functionally relevant terms covering a wide
spectrum of yeast biology to an extent comparable with manually
curated efforts.

Using NeXO to identify ontology terms and relations

Many NeXO terms aligned well with GO terms, but perhaps even
more interesting are the terms and relations in NeXO that were not
cataloged in GO. Of these 449 terms and 123 relations had particu-
larly strong network support (Online Methods and Supplementary
Tables 2 and 3). To further explore previously uncataloged terms and
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action profiles of genes annotated to Golgi
were much more highly correlated than those of a background set
of genes (Fig. 4a). We observed higher correlations for gene pairs
annotated to a common small term, and lower correlations for gene
pairs annotated to larger terms, lending support for the hierarchical
organization recovered by NeXO.

For example, the uncharacterized term NeX0:9763 represents sev-
eral layers of substructure corroborated by the new genetic interac-
tion profiles (Fig. 4b). These profiles are, on average, more highly
correlated to each other (R = 0.27) than are random gene pairs
(R =0.02) or gene pairs assigned generally to Golgi (R = 0.20). Within
this new term NeXO identifies a highly specific term joining NNF2
and the gene encoding YEL043W (NeX0:8060, Fig. 4b). Comparison
of the genetic interaction profiles generated from nnf2A and yel043wA
revealed a strikingly high correlation (R = 0.84) (Fig. 4b,c), suggesting
a close functional relationship. Indeed, of all the genetic interaction
profiles measured, the nnf2A profile is most correlated with that of
yel043wA (Fig. 4d). High genetic interaction correlations are also
observed with deletions of MTC1I and SFT2—genes that, together with
GMH]1, form another new term (NeX0:9270) that is adjacent to NNF2
and YEL043W in NeXO (Fig. 4b,d). Thus, the genetic profiling data
are highly consistent with the NeXO structure, that is, genes assigned
to the same specific terms have higher genetic profile correlations
than genes assigned to the same general terms (Fig. 4b,e).

These new terms are positioned next to the retromer, a complex that
regulates recycling transmembrane receptors from endosome to the

Correlation with nnf2A

Golgi vesicle
docking

02 04 06 08

Retromer
complex

trans-Golgi network®$, and the HOPS and Corvet complexes, which

serve as tethering complexes by capturing endosomal vesicles+

(Fig. 4e), strongly suggesting that the new terms represent integral
components in endosomal and Golgi regulation. Consistent with this
notion, we observed strong negative genetic interactions of nnf2A and
yel043wA with deletions of components of the (i) retromer (VPS5
and VPS17); (ii) HOPS (VPS41 and VAMG6); (iii) the COG complex
(COG6 and COG8), a regulator of the Golgi-glycosylation machin-
ery; (iv) RIC1, RGP1 and YPT6, a pathway required for fusion of
endosome-derived vesicles with the Golgi, in which Ricl and Ypt6 are
co-complexed and act as a nucleotide exchange factor for the GTPase
YPT6; and (v) VPS30 and VPS38, which encode components of the
PI3-kinase Complex II (Fig. 4e). A number of other uncharacterized
terms are supported by the new genetic interaction profiles, including
the term NeXO:8891, which is composed of VPS8, VPS21 and VPS9
and is placed directly next to retromer subcomponents VPS5 and
VPS17, with which it shares very strong genetic profile correlations
(Fig. 4e and Supplementary Fig. 4a). Although additional work will be
required to understand the exact function of these factors, the genetic
analysis provides good evidence for NeXO's ability to identify new com-
ponents and functions and to pinpoint hierarchical relationships with
known components.

In addition to terms supported by genetic interaction profiling, we
also found 115 uncharacterized terms that were enriched for genes
required for growth under specific environmental conditions, providing
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useful insight into the functions of these terms (Fig.5a and
Supplementary Table 5). For example, term NeX0:6375 was com-
posed of six poorly characterized genes: MTC2, MTC4, MTC6, DLTI,
YBR197C and YPR153W, of which the first three had been associ-
ated with maintenance of telomere capping*! (Supplementary Fig. 5).
This term was placed under the mitochondrial component by NeXO
next to genes annotated with oxoreductase activity and antimonite
transport. Interestingly, deletion of any of the six genes increases yeast
sensitivity to mercury chloride (HgCl,) (Supplementary Fig. 5), an
agent that promotes oxidative stress and has been found to induce
apoptosis through a mitochondrial-dependent pathway*?. Although
the association of these genes with mitochondrial function has not
yet been established, some telomere maintenance genes, including
telomerase and MT(C3, are known to localize to the mitochondria®*#4
(telomerase, in particular, under oxidative stress), supporting the
localization of the new term in NeXO.

We pursued several other bioinformatic means of gaining biological
insight into the terms identified by NeXO (Fig. 5b and Supplementary
Table 2). In particular, we identified many cases in which an unknown
term could be assigned a temporary name based on (i) its relationship
with a known parent or child term, (ii) alignment to a term in the GO
Biological Process or Molecular Function hierarchy or (iii) text mining
the ‘Description’ field of the Saccharomyces Genome Database*® for
text phrases that are common among the genes assigned to the term
(Fig. 5b and Supplementary Table 2). We also found that the network
data can be further mined to suggest the type of relationship between
terms, such as the ‘part_of” and ‘is_a’ relations used in the GO Cellular
Component ontology (Supplementary Fig. 6). ‘Part_of” relations indi-
cate the child is an actual portion of the parent (such as subunits of a
protein complex), whereas ‘is_a’ relations define the child as a particular
kind or subtype of the parent (such as a family of complexes related by
function). Further work will be required to determine the best strategy
to automatically specity the types for all relations in NeXO.

Using NeXO to systematically update and expand GO

We were also able to recognize many NeXO-derived terms and term
relations as absent from GO but having strong support in the litera-
ture, For instance, term NeX0:6164 groups together BLS1, SNNI,
CNLI—encoding subunits of the BLOC complex, which was recently
defined in yeast*® but not yet incorporated in the yeast GO. In chroma-
tin remodeling (Fig. 5¢, insets 1,2), the SWI/SNF and RSC complexes
are grouped under the same robust new parent term, as are the INO80
and SWRI complexes. Although neither of these parent terms was
documented in GO (Fig. 5d), both are well documented in the litera-
ture*”. An additional NeXO-derived term also joins SWR1 and NUA4,
two chromatin-modifying complexes with overlapping functions and
components*®, which have been proposed to function as the single
Tip60 complex in humans***" including homologs of the INO80 com-
plex®”, NeXO correctly places both histone acetyltransferases (HATSs)
and histone deacetylase complexes (HDACs) under the parent term
‘Chromatin Remodeling Complex™! whereas, in GO, HATs are
descendants of this term but HDACs are not (Fig. 5d). NeXO also
correctly identifies the Piccolo NUA4 complex as part of the parent
NUA4 complex (Fig. 5¢, inset 2, and Fig. 5d) and the CMG complex as
part of the DNA replication preinitiation complex®? (Fig. 5¢, inset 3),
relations that were missing from the current GO.

All of these NeXO-derived terms and relations were submitted to
the GO Consortium for inclusion in the ontology and the follow-
ing changes were incorporated by the ontology editor: GO:0043189:
H4/H2A histone acetyltransferase complex was made a child of
GO:0016585:chromatin remodeling complex, GO:0035267:NuA4
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histone acetyltransferase complex was made a parent of GO:0032777:
Piccolo NuA4 histone acetyltransferase complex, and GO:0031261:
DNA replication preinitiation complex was made a parent of
GO:0071162:CMG complex. A new term named INOS80 type com-
plex’ was made a parent of GO:0000812:SWR1 and GO:0031011:
INO80, and GO:0070603:SWI/SNF type complex is now a parent of
GO:0016586:RSC and GO:0016514:SWI/SNF complex. In addition
the products of yeast genes BLS1, SNNI and CNLI were annotated to
the BLOC-1 complex. Thus, NeXO provides a systematic means of
directing literature curation efforts to biological mechanisms that are
known but have not yet been considered by curators. A cursory inspec-
tion of the complete list of additional terms and relations derived
using NeXO indicates that many more of these may already have some
literature support and are good candidates for further GO curation.

DISCUSSION

A key challenge in biology is to capture knowledge about the cell
in a way that is accurate, unbiased and scalable. Toward this goal,
we have described our efforts to systematically construct an entire
gene ontology directly from large-scale network data and compare it
to the manually constructed GO. Our approach involves (i) probabi-
listic clustering of networks to yield a hierarchy of putative terms and
relations, (ii) transformation of the hierarchy to match the structure of
an ontology and (iii) alignment of the resulting NeXO ontology with
GO in order to name the terms and term relations of known biology
and to identify those that are newly identified by NeXO.

Although NeXO and GO have similar functionalities—browsing
the hierarchy of terms, searching for gene-to-term associations and
performing functional enrichment—a key difference is that NeXO
does not assign common English language names and definitions to
all terms. In NeXO, terms that do not align with previous knowledge
(by alignment to GO, text mining or functional enrichment in omics
data) have only a systematic ID assigned. Lack of a common name
does not imply lesser importance, however, but only that the term rep-
resents a biological entity not previously named by a human investiga-
tor. This process of systematically identifying and naming entities ina
cell is not unlike the process of gene finding in a sequenced genome.
Whereas genes are defined by their nucleotide sequences, cellular
components and functions are defined by the intrinsic patterns of
interaction shared by their subunits. Sequence analysis of genomes
routinely identifies unknown genes that are initially assigned system-
atic IDs, and it is precisely these uncharacterized entities that present
some of the most interesting opportunities for future study.

GO and NeXO complement each other in mutually beneficial ways.
One of GO’s main values lies in providing a uniform gold-standard
vocabulary for referencing well-characterized cellular components
and functions, but we also see room for a parallel ontology that is tied
directly to data and is not limited by prior knowledge and curation.
In this respect, ontology alignment provides the means to map between
these two types of ontologies to enable the bidirectional transfer of
both well-established and new information. As we have shown, this
process can be used to objectively identify additional terms and rela-
tions that are missing from GO, some of which have now been added
by the GO Consortium. An intriguing question is whether the most
robust terms and relations in a data-driven ontology should be auto-
matically created in GO, perhaps with special evidence codes akin to
the codes already in use for gene-to-term associations™.

Networks have long been instrumental in representing and visual-
izing biological relationships. The challenge now is to transform these
networks into representations that capture the multiscale modularity
inherent in all biological systems. Although such representations are



present in manually curated gene ontologies, we have shown that
gene ontologies can also be assembled and curated automatically from
high-throughput network data. The research reported in this manu-
script raises the possibility that, given the appropriate tools, ontologies
might evolve over time with the addition of each new network map or
high-throughput experiment that is published. More importantly, it
enables a philosophical shift in bioinformatic analysis, from a regime
in which the ontology is viewed as gold standard to one in which it
is the major result.

METHODS
Methods and any associated references are available in the online
version of the paper.

Note: Supplementary information is available in the online version of the paper.
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ONLINE METHODS

Input networks. We obtained four yeast networks from public databases,
corresponding to physical protein-protein interactions (BioGRID%), syn-
thetic-lethal and epistatic genetic interactions (DRYGIN database!*; http://
drygin.ccbr.utoronto.ca/), co-expression relationships (Stanford Microarray
Database®) and an integrated functional network (YeastNet?’; http://www.
yeastnet.org/) (Supplementary Table 1). Genetic interaction data contained
precomputed Pearson correlations between all pairs of genetic interaction
profiles of 4,417 genes. Expression data (5,053 genes, 1,683 arrays) were filtered
to remove genes not present in the majority of arrays and arrays not covering
at least 80% of genes, retaining 1,113 arrays and 4,660 genes for which pairwise
Pearson correlation coefficient was computed.

To create Figure 1b,c, we selected the same number of top-scoring inter-
actions from each data set to match the 62,885 physical protein-protein
interactions in BioGRID for yeast (Supplementary Table 1). All remaining
analyses were conducted using a single high-confidence interaction data set
that included all physical protein-protein interactions from BioGRID that
were observed in at least two independent studies, genetic interaction profiles
with Pearson correlation coefficient 2 0.2 (cutoff as previously determined'*)
and gene co-expression profiles with Pearson correlation coefficient > 0.93
(determined to provide the same enrichment for biological process co-mem-
bership as the genetic interactions with correlation 2 0.2), and high-scoring
interactions from YeastNet (log-likelihood score (LLS) > 3) that had not yet
been covered by any of the previous networks (Supplementary Tables 1 and
6). We also attempted to use a single integrated network and corresponding
LLS threshold based on YeastNet alone. However, YeastNet was released in
2007 and updating it with more recently published interaction data (e.g., in
refs. 12,14) requires multiple nontrivial optimizations involving the original
raw data sets (Insuk Lee, Yonsei University, Seoul, Korea, personal communi-
cation), which we elected not to attempt here.

Determining network support for specific and general GO terms. We
NE(t)

NP(t)'
where NE(t) is the number of edges between genes assigned to ¢, and NP(t) is

defined the network density of a term ¢ in the GO as Density(t) =

the number of gene pairs in the term, that is, "), where n is the number of genes
in . To rule out the possibility that small terms in the ontology could account
for the significant density of larger terms (Fig. 1b), we devised a permutation
scheme that preserved the interactions within small terms (of size k < ky), and
permuted all other interactions while preserving node degrees (Fig. 1c).

Assembly of the NeXO. The goal is to construct a gene ontology O = (G, M),
where G is a directed acyclic graph in which nodes are terms and directed
edges are parent—child term relations, and M: t—x is a function that maps
each term ¢ to a set of genes x. To construct an ontology from networks, we
first identify a hierarchy of network communities using a probabilistic algo-
rithm for community detection®2. This method constructs a binary tree T in
which the leaves are genes and each internal non-leaf node represents the
join of two child nodes (c1, ¢2). The probability of the network data D given
T is expressed as:

po|T) = [T

cl,c2€ joins(T)

Pcl,:Z

where the probability P, ., takes the form:

P2 = Bleey,ca + Ly er +1)

where B is the Beta function, and e, and h,, ., refer to the edges and
non-edges (holes) crossing between genes assigned to the left subtree
c1 and genes assigned to the right subtree. The Beta function scores highly
if the gene pairs of interest are primarily edges or primarily holes, that is,
have coherent behavior. A maximum-likelihood optimization of T is
performed. We found that this method performs better in the ontology
construction pipeline than several other standard hierarchical cluster-
ing algorithms?!=2* that could also be used to produce a binary tree T
(Supplementary Figs. 7 and 8).

16

T serves as a computationally tractable approximation of the ontology graph
G, but it artificially imposes that every term (except those at the root and leaves)
connects to exactly two specialized terms and a single more general term (the
root has two children terms and no parents, whereas leaves have a single parent
term and no children). Hence, we modify T as follows. First, we test the degree
to which each non-leaf node contributes to the overall score. Nodes that do not
contribute to the score are removed such that the node’s parent is connected
directly to each of its children. The procedure is based on a previously proposed
post-processing step that uses Bayesian model selection to remove nodes in
the top and bottom layers of the tree®. In the present work this procedure is
extended and applied to all nodes in the tree (first to the nodes joining genes,
as proposed previously, and then to all other internal nodes). The criteria for
removing an internal parent node p is based on evaluating the probability of the
data under the original tree and under an updated version in which p is replaced
by its children (cl1, ¢2,..,cn) as expressed by the following ratio:

K P
2 LA

Lzt = A o
s=1 FevsPeas - Fenys

where s (1 <5< K) is one of K siblings of the node p. We chose to remove p and
substitute its position by the children nodes when 4.y, 5, <1, additionally
requiring that the interaction density between the children c1, ¢2,...cn is not
greater than that between p and its siblings. By replacing p with its children
we create a multiway (>2) join associated with the parent of p.

Second, we provide a simple heuristic for supplementing T with new con-
nections from child nodes c¢ to second parents p when such relations are sup-
ported by the network data (such that T is no longer a tree but remains a
directed acyclic graph). Starting from the leaves we iteratively consider all node
pairs (¢, p) such that the number of genes assigned to ¢ is less than the number
assigned to p. Node p is identified as an additional parent of ¢ if:

1. Nodes p and ¢ are not already on the same path or children of the
same node.

2. There is a dense pattern of interactions connecting genes assigned to c and
genes assigned to p (Density = 0.3; hypergeometric P-value < 0.05).

3. The sets of genes associated with p and ¢ together form a dense cluster

(Density(pu C) = %(Density(p)).

The final result is a DAG T where non-leaf nodes correspond to terms
and leaves correspond to genes. To return the NeXO ontology, G is defined
as T minus its leaves. M is defined by mapping each term to the set of genes
below itin T.

Preparation of GO. The GO OBO and annotation files were downloaded from
http://www.geneontology.org/GO.downloads.ontology.shtml (files used to gener-
ate the results were current as of Dec. 19, 2011). We considered four basic types of
GO relations: “is_a", “part_of”, “regulates” and “has_part” and excluded relations
annotated with a “NOT” clause. To prepare GO for ontology alignment against
NeXO, we removed GO terms that did not have any (direct or indirect) gene
annotations in S. cerevisiae. We also identified redundant GO terms that had the
same gene content as their direct descendants. Because these terms may obscure
information about the actual functional hierarchy in yeast (by imposing artificial
layers in the hierarchy), we iteratively replaced each mutually redundant parent-
child pair by the more specific term (the child in the parent-child relationship).
In total, 709, 1,960 and 2,849 were retained in the GO Cellular Component,
Molecular Function and Biological Process ontologies, respectively.

X
B

Ontology alignment. Given two ontologies, O, with n; terms and O, with
n, terms, an ontology alignment A is a mapping of terms between ontologies
such that each term in O; maps to at most one term in O,, and vice versa.
To provide a method for aligning gene ontologies in which the terms refer to
sets of genes (technically, the set of genes assigned to a term defines the ‘label’
of that term), we developed an algorithm motivated by a previously proposed
method called ASMOV? for aligning semantic ontologies. Term mapping in
our alignment procedure is evaluated using a score function that considers
the similarity of the sets of genes assigned to the terms (the so-called intrinsic



term similarity) and the relative position of the terms in the hierarchy (rela-
tional similarity). The alignment process is iterative, with iteration k produc-
ing an ontology alignment Ay. First, an n; x n, term similarity matrix Ty is
calculated, where 0 < Ty(i,j) <1 represents the similarity of term i € O, to term
je O Ti(if) is composed of the intrinsic similarity 1(i,j) and the relational
similarity Ry(i,f):

. IG.j), k=0
Telh D=4 25 1 hy
7510, j)+0.25R; (i, j), k>0
I(i,j) is taken as the Jaccard Index of the sets of genes assigned to i and j:
XX
1(i, j) = u . The matrix [ is precomputed and does not change through-
EASET

out the alignment process. The relational similarity R(i,j) is calculated by
determining the similarity between the sets of terms (P;, P;) that are the par-
ents of and j, and the similarity between the sets of terms (C;, C;) that are the
children of i and j:

| S P+ S(CLC;),  (internalnodes)

R (i, j) = %

S(GLC)) R (root)
The set similarity S is calculated using the term similarity matrix Ty, from
the previous iteration:

Sy = — o8

[X]+|Y|-50S

S0s= ¥ Tioy(xy)
(x, el

where L is a local alignment of X to ¥, determined by greedily choosing
pairs (x,y) with the highest T;_| while ensuring that each element of X or
Y participates in no more than one pair. Based in R(i,j) we can now calcu-
late T'(i,j) and determine the new alignment Ay according to the following
greedy algorithm:

0. Initializations: Initialize A; as the empty mapping. Initialize L as a sorted
list of term pairs (i,j) in decreasing order of T¢(i,f).

1. Select the top pair (i,j) from L.

2. Check if (i) conflicts with any pair already contained in Ay Two map-
pings (ey, e2) and (e, e,") conflict if:

a. Non-uniqueness: ¢, = ¢, ore; = e5”.

b. Parent-child crisscross: Either ¢| is a descendant of ¢," in Oy and ¢, is
an ancestor of e;” in O,, or e,”is a descendant of ¢, in O, and e, is an ancestor
of e;in O,.

3. If there is no conflict with any of the mappings already in Ay, add (i,j)
to Ag.

4. Remove (i,j) from L.

5.1fall of the elements of O; or O, are mapped, or L contains only mappings
below a threshold similarity value (set to 0.01), then alignment Ay is complete.
Otherwise, go to step 1.

If Aj, matches a previous A, (i < k), this mapping is returned as the final
alignment and the final alignment score 5§ for each term ¢ is determined as:

S(0) {Tk(t.Ak(z)), if tismapped by thealignment Ay
Sp(t)=

0, otherwise

Otherwise, the above algorithm is restarted at iteration k+1.
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Calculating the false-discovery rate for ontology alignment. The false-
discovery rate (FDR) of term alignment was calculated as:

1 n
FDR(t) = ZZ":INR‘ ®)
a N(t)

where Ny, (t)is the number of terms in the random permutation i that have
an alignment score 2 f, and N(t) is the number of terms in the actual computed
ontology that have an alignment score = t. We set a minimum score threshold
value f = 0.1 for large terms and higher threshold values for small terms so as
to maintain an FDR < 10% within each size group (Supplementary Fig.9).

Scoring robustness of NeXO terms. To determine the most confident terms in
NeXO, we devised a measure of term quality that considers the network support
of the term and its robustness to random perturbations of the input data. The
network support NS(t) for a term tis defined as the enrichment for interactions
connecting genes assigned to the term (-log(P-value) estimated based on the
hypergeometric distribution). The bootstrap score B(t) for term t is calculated
by randomly removing 5% of the edges in the input network and reconstructing
a new bootstrapped ontology and aligning it to the original NeXO:

1
Bl = —
"2,‘:151'(”
where S; is the alignment score for term f when NeXO is aligned to the i-th
bootstrapped ontology. The final robustness score for each term is calculated as
a geometric mean of network support for the term and its bootstrap value:

R(t) = [NS(t)B(t)

This robustness score significantly enriches for terms in NeXO that align to
GO terms (Supplementary Fig. 10) and thus is used to prioritize novel term
candidates that are highly robust but are not yet present in GO.

Genetic interaction profiling. Genetic interaction profiling was done as previ-
ously described™®57 based on a 73 x 741 (query x array) design. The 73 query
genes were chosen arbitrarily from the entire set of 162 genes annotated at or
beneath NeXO term 9965 (Golgi Apparatus). The 741 array genes were chosen
to cover a representative sample of genes more broadly related to protein traf-
ficking and lipid metabolism, including the 73 genes used as queries. Measured
colony sizes for each double mutant (combining a deletion of a query gene
with a deletion of an array gene) were processed to yield quantitative ‘S-scores,
indicating the degree to which the observed growth was greater than (positive
S-score) or less than (negative S-score) expected*®. The complete set of genetic
interaction profiles for all 73 queries is given in Supplementary Table 4. The
background set of genetic interaction profiles considered in Fig. 4a,d was drawn
from unpublished data covering the entire space of 741 x 741 interactions.

5
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NeXO USER MANUAL
Navigation with Cytoscape

The NeXO.cys (Supplementary File 1) is a Cytoscape session file that can be loaded directly into
Cytoscape version 2.8.3 (available from http://www.cytoscape.org/) to allow for visualization and
interactive analysis of the entire ontology. The session provides three versions of NeXO: the tree,
displaying the backbone of the ontology, the DAG where supplementary term-term relations are added,
and also the DAG with additional gene-term assignments. The following steps illustrate an exemplary
analysis using NeXO.cys and Cytoscape.

1. Launch Cytoscape and use the File= Open menu to locate and select the file NeXO.cys.

2. Select the NeXO Tree from the Network tab of the Control Panel at left (below screenshot).

© Cytoscape Desktop (session: nexo_final_dag_final.cys)
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3. Select the menu item View—= Show Graphics Details (if the menu reads Hide Graphics Details, this
command is already active). NeXO is visualized with high-level terms labeled via alignment to the
GO Cellular Component ontology. Node size scales with the number of genes assigned at or below
that term. Node color intensity scales with the Best Alignment Score to GO. See above screenshot
and Fig. 2 in the main text.

4. Select parts of the tree using the mouse (e.g. the proteasome subtree). Information on selected
nodes (terms or genes) are shown in the table in the Data Panel. The main attributes (columns) are as
follows. Further details about the derivation of each attribute are provided in Supplementary Methods.

1D The NeXO identifier (terms) or SGD identifier (genes) of the node.
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Term or Gene Label For terms, names are transferred from GO alignment (scores > 0.1, CC =
Cellular Component, BP = Biological Process, MF = Molecular Function). For
genes, common names are shown or, if unavailable, the ORF is shown.

CC Score The alignment score vs. GO Cellular Component (defaults to -1.0 for genes).
Best Alignment Score Maximum alignment score against the CC, BP, and MF ontologies of GO.
Robustness The term robustness score (Supplementary Methods, defaults to -1.0 for genes).
SGD Gene Description Provides the free-form Gene Description field from SGD (genes only).

Additional attributes such as term definitions (CC, BF, MF), term size (number of assigned genes)
and interaction density can also be loaded using the Data Panel.

5. Select the VizMapper tab of the Control Panel (below screenshot) and switch from the NeXO
Overview to the NeXO CC Analysis visual style. This display will color the nodes according to their
alignment score against the GO Cellular Component ontology. Green paths indicate consistent term-
term relations between the two ontologies, i.e. ancestor-descendant pairs that are aligned to GO terms
that are also in an ancestor-descendant relation. In contrast, a blue edge (parent to child) indicates a
relation present in NeXO but absent from GO, such that the GO terms aligned to the child and the
nearest aligned NeXO ancestor are not in a descendant-ancestor relation in GO. Only NeXO terms
with high alignment score (CC score > 0.2) are considered in this relation analysis — other terms are
neutral for determining agreements and conflicts (e.g., a green path may pass through them).

6. Search NeXO for cellular components or genes of interest. Use the mouse to push the button to the
right of the Search field (above screenshot) to configure search options. Select the CC Annotation
attribute and push Apply. Type “swi/snf” into the search field and press Enter. Gene names are also
searchable using this attribute. The SWI/SNF complex will be shown.

7. Select the NeXO DAG or NeXO DAG (filtered) from the Network tab of the Control Panel and
repeat steps 3-6. In the full DAG version of the ontology, edges are added which connect child terms
to additional parents (see below example, in which a subunit of RSC is connected to the SWI/SNF
complex). Similar analysis can also be performed using NeXO DAG with additional gene-term
assignments.
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Navigation with OBO-Edit
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The NeXO ontology can also be explored using designated ontology editors and browsers such as OBO-
Edit (available from http://www.oboedit.org/) as shown in the below screenshot. For this purpose we have
provided the file NeXO.obo (Supplementary File 2) which conforms to the Open Biological and
Biomedical Ontology (OBO) format. Using OBO-Edit the NeXO ontology can be explored in three basic

ways:

* Using the Ontology Tree Editor
*  Using the Graph Editor

* By searching for keywords appearing in NeXO term annotations.

Terms in the NeXO.obo file are annotated with text labels transferred through alignment to GO. The label
indicates matchings with score > 0.1 to any one of the three GO ontologies: Cellular Component (CC),
Biological Process (BP), and Molecular Function (MF). Additional information about the term such as its
robustness score, interaction density, and alignment scores are provided in the Comment field.

Each term relationship is annotated with one of two types: “child_of” or “linked_to”. The “X child_of Y”
relationship indicates that X is a child of Y in the tree forming the backbone of the NeXO ontology. “X

linked to Y” indicates that X was linked to Y by an additional edge in the NeXO DAG.

File Edit Layout Editors Viewers Search Tools Metadata Reasoner Summary Config

Ontology Tree Editor st¢@ar_nx

Nexo:9301

|| results: all text fields contains “swifsnf” (1 matches)
3 o

Help
“w

wr_ox

erase Il promoter | M

MF
hved i G1/S phase of mitctic cell cycle | MF (ONA binding

methylation | MF ihistone methylation

& ehilgof CC: replea

C: ribanucleoprotain ¢
ehilgief CC: G0:0044391 | 6P

| Graph editor
|

o R

. CC: | BP: ATP-dependent CC: | BP: | MA :histone
chromatin remodeling | MF binding

=
‘ TC: RSC compiex | B CC: SWI/ mple> Iaﬁjw TTBP: reguk
[ F :DNA-dependent ATPase :positive raguiation of :N;ngr:::
activity transcription, DNA-dependent deacetyl i

o, -0 ol

=

==

& m;—-—‘:s:

Text Editor
© Nex09301
Namespace [Nex0

| Defintion | Comment + |
c

oo [ omavs T s |

C: | BP: positive regula=ms=
ranerrintinn invahriad f 717/€ off

HName € SWSNF complex | BF: nucleosome mobitzation




22

d NeXO b

0.6
)

0.3 0.4 0.5
1 L 1 1

0.2

1

GO Terms Aligned to NeXO (Fraction)

0.1

0.0

GO CC GO BP GO MF

Supplementary Figure 1. Alignment results for NeXO computed without the YeastNet and co-
expression networks. (a) The Venn diagram shows the number of NeXO terms of size > 4 that align to
one or more GO ontologies (colored circles) or do not align (white). (b) The fraction of terms in each GO
ontology that are covered by alignment to NeXO. The overlap with GO (in particular GO Cellular
Components) closely matches the results obtained with the original NeXO that included information from
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Supplementary Figure 2. Alignment results for NeXO using unfiltered networks. The percent of
NeXO terms that aligned to GO (a), and GO terms that aligned to NeXO (b-d) when NeXO is built using
more permissive interaction networks with 0-500% more genetic (GI) or co-expression (GE) interactions.
The percent of NeXO terms that aligned to GO (e), and GO terms that aligned to NeXO (f-h) when NeXO
is built using the original network and a more permissive interaction network which includes all 61627
physical protein-protein interactions (PPIs) in BioGRID. We observe that alignment results are robust
across a wide range of more permissive input networks. Note that in all cases the input networks contain
PPI, GI, and GE data, but exclude YeastNet to make sure that GO is not used for network training.
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Supplementary Figure 3. Alignment results using GO with excluded high-throughput annotations.
The percent of NeXO terms that aligned to GO (a), and GO terms that aligned to NeXO (b-d) when gene-
to-term association based on high-throughput interaction data (HT) and/or those inferred from electronic
annotations (EA) are removed from GO. The specific evidence codes related to high-throughput
interaction data (HT) are: IPI - Inferred from Physical Interaction; IEP - Inferred from Expression Pattern;
and IGI - Inferred from Genetic Interaction. In the ‘strict’ version we removed all associations of gene X
to term Y if at least one of these associations met the condition for removal. In the non-strict version gene
X could still be associated with term Y if it had at least one evidence code that did not meet the condition
for removal. NeXO alignment results appear robust to removal of HT and EA annotations from GO.
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Supplementary Figure 4. New NeXO term associated with the retromer complex. New term
NeXO0:8891, composed of VPSS, VPS21 and VPS9, and placed directly next to the retromer complex in
NeXO (a). The new genetic interaction screen identified very high profile correlation between genes in
the new term (VPS8, VPS21) and the retromer subunits VPS17 and VPSS (a,b), providing further support
for the position of the new term next to the retromer complex in the NeXO ontology.
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Supplementary Figure 5. New term enriched for mutants sensitive to mercury chloride (HgCl,).
The term NeX0:6375 is composed of six poorly uncharacterized ORFs: MTC2, MTC4, MTC6, DLTI,
YBRI197C and YPRI153W. NeXO places this terms under the mitochondrial component next to genes
annotated with oxoreductase activity and antimonite transport. Deletions of each of 6 genes in this term
make yeast sensitive to mercury chloride (HgCly).
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Supplementary Figure 6. Distinguishing “is_a” and “part_of” relations in NeXO. For each parent-
child relation in NeXO that aligned to a parent-child relation in GO, the parent was examined to compute
its Child Connectivity Ratio (CCR). This was the ratio of the number of molecular interactions spanning
different children of the parent to the total number of interactions falling within the parent. CCR values
for parent-child relations in NeXO mapping to “is_a” relations in GO are significantly lower than for
NeXO relations mapping to “part_of” relations.
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Supplementary Figure 7. Representation of the proteasome when using other clustering methods in
the NeXO approach: original (a), edge betweenness (b), UPGMA based on topological overlap distance
(c), and UPGMA based on commute distance (d). NeXO alignment is performed to map the resulting
trees to the GO Cellular Component ontology. The alternative clustering methods (b-d) do not recover
the hierarchy to the same extent as the original method used by NeXO (a). While core and regulatory
particles are correctly identified, organization of more specific components is incorrect (b-d).
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Supplementary Figure 8. Alignment results for NeXO using other hierarchical clustering methods.
Percent of NeXO terms that aligned significantly (FDR = 10%) to any of the three GO ontologies (a),
percent of terms in each of the GO ontologies that aligned to NeXO (b-d). Jaccard index comparing the
set of terms in NeXO to the set of GO Cellular Components (e¢), GO Biological Processes (f), and GO
Molecular Functions (g). The original method achieves better agreement with GO than other standard

methods.
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Supplementary Figure 9. Alignment score threshold at 10% FDR. In the ontology alignment of
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maintain a false discovery rate of 10%. CC = Cellular Component, BP = Biological Process, MF =
Molecular Function.
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Supplementary Table 1. Input networks investigated in this study

Network Type Used in Figs. 1B, C HQ used in all other analyses
Number of Genes Number of Number of Number of
Interactions Genes Interactions
Physical
Protein-Protein 5,658 61,627 3,401 13,298
Co-Expression
3915 61,627 228 1,705
Genetic
4,396 61,627 3,090 11,240
YeastNet
5,268 61,627 3,351 10,573

Integrated

High-Quality (HQ) 5,051 29,789
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ABSTRACT

Motivation: While the manually curated Gene Ontology (GO) is widely
used, inferring a GO directly from -omics data is a compelling new
problem. Recognizing that ontologies are a directed acyclic graph
(DAG) of terms and hierarchical relations, algorithms are needed that:

(1) analyze a full matrix of gene—gene pairwise similarities from
-omics data;

(2) infer true hierarchical structure in these data rather than enfor-
cing hierarchy as a computational artifact; and

(3) respect biological pleiotropy, by which a term in the hierarchy
can relate to multiple higher level terms.

Methods addressing these requirements are just beginning to
emerge—none has been evaluated for GO inference.

Methods: We consider two algorithms [Clique Extracted Ontology
(CliXQ), LocalFitness] that uniquely satisfy these requirements, com-
pared with methods including standard clustering. CliXO is a new ap-
proach that finds maximal cliques in a network induced by progressive
thresholding of a similarity matrix. We evaluate each method'’s ability
to reconstruct the GO biological process ontology from a similarity
matrix based on (a) semantic similarities for GO itself or (b) three
-omics datasets for yeast.

Results: For task (a) using semantic similarity, CliXO accurately recon-
structs GO (>99% precision, recall) and outperforms other approaches
(<20% precision, <20% recall). For task (b) using -omics data, CliXO
outperforms other methods using two -omics datasets and achieves
~30% precision and recall using YeastNet v3, similar to an earlier ap-
proach (Network Extracted Ontology) and better than LocalFitness or
standard clustering (20-25% precision, recall).

Conclusion: This study provides algorithmic foundation for building
gene ontologies by capturing hierarchical and pleiotropic structure
embedded in biomolecular data.

Contact: tideker@ucsd.edu

1 INTRODUCTION

Ontologies have proven very useful for capturing and organizing
knowledge as a hierarchical set of terms and their interrelation-
ships. In biology, one of the most successful and widely used
ontologies is from the Gene Ontology (GO) project, a major
effort to represent gene functions in cellular level processes
across organisms (Ashburner er al., 2000; Gene Ontology
Consortium, 2001). GO is “the default source of functional an-
notations for virtually every experimental system and the gold
standard for measuring the success of bioinformatic methods’
(Dolinski and Botstein, 2013). It is extensively used by re-
searchers in a wide variety of situations, such as understanding

*To whom correspondence should be addressed.
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the function of genes discovered in a Genome Wide Association
Study (Holmans et /., 2009; Wang er al., 2010) or computation-
ally predicting functions for uncharacterized genes (Pena-Castillo
el al., 2008; Yan et al., 2010).

An important feature of GO is that the ontology structure is
constructed by a diverse team of scientists according to their best
abilities to curate the published scientific literature. As the
amount of cell biological literature increases, however, curating
the ontology structure has become a painstaking effort that is
proving difficult to scale up and systematize (Alterovitz et al.,
2010). Moreover, human curation necessarily favors biological
entities that have been well studied and misses the large propor-
tion of cell biology that is not yet known or has not yet been
curated. For these reasons, it is not possible to directly learn
about an uncharacterized gene or discover a new function
using GO, and one cannot quickly assemble an ontology
model for a new organism, let alone a specific cell type or disease
state.

Recently, it has been shown by some of us that a GO can be
inferred directly from molecular data as a complement to further
curation efforts (www.nexontology.org) (Dutkowski ez al., 2013).
For ontology curators, this approach ‘is extremely valuable in
three ways. First...it finds connections missed by curators.
Second, it will save huge amounts of curation time by pointing
curators to the data that matter. Third, it provides a quality-
control check on the GO that is unbiased by the vagaries of
publication policies, as it s based only on the data themselves’
(Dolinski and Botstein, 2013). Furthermore, the ability to rapidly
generate ontologies from data opens up new possibilities for the
use of ontologies in general. ‘For example, data-driven ontolo-
gies generated from diseased and normal samples could be com-
pared. This would be a novel way to look at what goes awry in
particular disease states, providing the context and perspective of
complex, interrelated biological processes” (Dolinski and
Botstein, 2013). Such an ontology model may also serve as the
basis for an intelligent, predictive agent, as one of us has
described elsewhere (Carvunis and Ideker, 2014). Despite these
possibilities inspired by an initial attempt (Dutkowski et al.,
2013) it remains an open question as to how best algorithmically
to infer an ontology from molecular data.

To understand the challenges involved in inferring an ontology
from data, we first must recognize that ontologies contain both
syntactic information (terms and their structural relations) as
well as semantic information (relations between terms have
defined meanings—in GO these include ‘is a’, “part of” and ‘regu-
lates’ relations). Both our previous work and this work will focus
on inferring the syntactic information—the ontology terms, their
relations and the annotations of genes to terms. This syntactic
information is the most commonly used information by biolo-
gists using GO as a gold standard.



GO is structured as a rooted, directed acyclic graph (DAG),
where gene annotations propagate up the hierarchy from child
terms to parent terms through ‘is a” and ‘part of* relations. For
example, in the biological process (BP) branch, ‘M phase of
mitotic cell cycle’ and ‘interphase of mitotic cell cycle’ are
child terms beneath ‘mitotic cell cycle’. Since GO is a DAG,
any term can have multiple parents and/or multiple children.
Allowing for multiple children per term is necessary to capture
the biological truth that many molecular machines have more
than two subunits, or that a BP such as the interphase of cell
cycle can be split into more than two phases (Gl. S, G2).
Multiple parents are necessary to capture the biological prin-
ciple of pleiotropy-—the reuse of genes and/or subunits, or the
classification of a BP into multiple higher categories of process
(e.g. ‘Sulfur Amino Acid Metabolic Process’ is a child of both
‘Cellular  Amino Acid Metabolic Process’ and ‘Sulfur
Compound Metabolic Process’). In order to faithfully infer an
ontology of genes like GO, we need an algorithm able to infer a
DAG.

In previous work, we developed a multistep algorithm for con-
structing a Network Extracted Ontology (NeXO), which infers a
DAG structure from data summarized in the form of a molecular
interaction or gene similarity network (Dutkowski ez al.. 2013).
This algorithm first infers a binary tree using the HAC-ML al-
gorithm (Park and Bader, 2011). Then, splits without network
support are collapsed, creating nodes with more than 2 children.
Finally. a post-processing step searches for additional parent
child relationships between existing nodes, allowing for a single
node to have multiple parents.

The NeXO algorithm does not use quantitative information
about gene interaction or similarity, i.e. it assumes an input net-
work for which the edges are unweighted. However, typical
genome-scale data such as gene expression correlation populate
a full matrix of similarity scores between pairs of genes where all
of the information is contained in the weights. While threshold-
ing these data is one way to interpret them as unweighted net-
works, this results in information loss not only below but also
above the threshold, as hierarchical structure embedded in the
weights is collapsed. Furthermore, when combining multiple
types of data (as will be undoubtedly required for construction
of a complete ontology of gene function), it is useful to give
greater weight to gene pairs which have evidence of similarity
in multiple datasets (Kim ez al., 2014). Since the NeXO algorithm
is unable to use valuable information contained in the weights of
edges in an input network, it is instead forced to rely on setting a
proper threshold below which all information is ignored and
above which relative weights are lost.

The essence of the DAG inference problem is to detect com-
munities of genes that span a wide range of sizes/scales and can
nest hierarchically as well as share arbitrary subsets of members.
Furthermore, the algorithm should be able to construct a DAG
using the information contained in weighted networks, and it
should be capable of operating on a nearly complete, weighted
graph with a genome-scale number of nodes (thousands) and
edges (millions). A number of existing clustering algorithms ad-
dress parts of this challenge. For example, there are many com-
monly used hierarchical clustering algorithms which use
similarity or distance scores as input and infer a nested hierarchy
of clusters (Florek er al., 1951; Sneath and Sokal, 1973: Sokal
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and Michener, 1958: Sorensen, 1948: Ward, 1963). These meth-
ods, however, rely on iterative joining of pairs of terms, resulting
in forced construction of a binary tree. Clusters cannot overlap
(i.e. have multiple parents for a single node) or have >2 children,
and the number of clusters inferred is fixed at n —1 where n is the
number of terminal nodes.

There have recently been a handful of algorithms which con-
struct hierarchies with overlapping clusters, by creating a first
level of overlapping clusters with terminal nodes and then com-
bining these base clusters into higher level clusters (Becker er al.,
2012; Kovacs et al., 2010; Kumpula et al., 2008; Sales-Pardo
et al., 2007). These algorithms all present solutions that allow
multiple parents and multiple children at the initial level of clus-
ters, and some operate on weighted networks. However, these
methods restrict each higher level cluster to having a single
parent. This aspect inherently limits the types of relations that
can be discovered by these methods.

Another relevant method has been proposed that hierarchic-
ally clusters links in a graph rather than edges (Ahn et al., 2010).
This method is quite flexible and allows for each node in the
graph to appear in multiple clusters via participation in multiple
edges. Such a method still restricts the types of clusters it creates,
however. First, an edge can only participate in a single cluster at
each level of the hierarchy (although a pair of nodes may inci-
dentally participate in multiple clusters via other edges).
Secondly, the hierarchical clustering of the edges allows only
for binary joins between edges and therefore each lower level
cluster will be joined with exactly one other cluster at each
step. This process creates ¢ —1 clusters, where ¢ is the number
of edges in the input graph. While the original paper proposes a
method for determining a single optimal cut in the hierarchy for
determining clusters, how to determine all levels of the hierarchy
that are meaningful and not an artifact of construction remains
an open question.

The LocalFitness algorithm, which has recently been proposed
in the physics community. is to our knowledge the only previous
approach that constructs a DAG from an unweighted or
weighted network and has a principled way of determining
which clusters are robust (Lancichinetti er al.. 2009). This
method constructs clusters at a given level in the hierarchy by
optimizing a fitness function for each of many potentially over-
lapping clusters built out from multiple seed nodes. The fitness
function includes a parameter that is tuned to find clusters at
multiple levels of the hierarchy. Graph partitionings that are
stable across comparatively wide ranges of this parameter are
used.

Here we present a basic formulation of the ontology inference
problem followed by a description of a new method, called
Clique Extracted Ontology (CliXO), for ontology inference
based on progressive identification of maximal cliques. We evalu-
ate CliXO in comparison with LocalFitness as well as several
other methods such as the NeXO algorithm and standard clus-
tering. Methods are evaluated based on their ability to recon-
struct the GO from two starting datasets: (a) pairwise semantic
similarities, which are derived directly from GO itself, and
(b) three different -omics datasets (genetic interaction profile cor-
relation, gene expression correlation and an integrated -omics
dataset for yeast).
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Fig. 1. CliXO method. (A) An example ontology with genes A-H and terms 0-6. (B) Semantic similarity scores calculated from the ontology in (A).
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threshold are added to the graph. At each new threshold, maximal cliques
ontology

2 METHODS
2.1

Define an ontology-graph as a weighted DAG G = [T. N, E, w, r] with the
following properties:

Basics

The nodes in G are terminal (set 7; no outgoing edges), or non-
terminal (set N). Non-terminal nodes in the ontology are also
called rerms. G has a single root r € N from which all nodes can
be reached.

Ultrametric property: a non-terminal node « in G has constant dis-
tance, denoted wi(u), to all its terminal descendants. denoted by L(u).

Witness property: for non-terminal node u, and all terminal nodes
a ¢ L(u), there exists b € L(u) such that w(a, b)=>2w(u).

|G| is the total number of non-terminal nodes in G.

For any pair of terminal nodes @, b, let w(a. b) denote the shortest
path between a. b in G.
Define Least  Common
wia, by = 2w(lca(a, b)).

Ancestor  lca(e, b) such that

Figure 1A shows an example of an ontology graph, with non-terminal
6 and terminal nodes A
allows for the grouping of elements (terminal nodes) into coherent clus-

nodes 0,..., 6 and terminal nodes A, ..., H. This model of an ontology

ters of elements (i.e. non-terminal nodes) that are closer to each other
than to other nodes based on pairwise distances between clements.

in the graph, corresponding to terms are found and added to the inferred

2.1.1 The Ontology DAG reconstruction problem ( perfect case)

Ineut: A set of terminal nodes (i.e. genes) 7, and a distance matrix M

between all pairs in M (as shown in Figure 1B).

Outeut: An ontology-graph G with 7 as the set of terminal vertices and
forall a, b € T, w(a, b) = M(a, b).

The input distances M rarely satisly the ontology distances perfectly
and therefore, in the imperfect case, we must compute the ontology DAG
that best represents M.

2.1.2 The Ontology DAG reconstruction problem (imperfect
case)

InpuT: A set of terminal nodes (i.e. genes) 7, a distance matrix M be-
tween all pairs and a user-provided noise parameter c.

Output: An ontology-graph G with T as the set of terminal vertices, and
which maximizes |G| while satisfving the following:

(1

2

Forall a, b € T, wia, h)= M(a, b).

For non-terminal node . and all terminal nodes a € L(u), there
exists b € L(u) such that M(a, b)=2w(u) + .

3

For each non-terminal node . there must be at least one pair of
terminal nodes a. b € L(u) for which 2w(u) + @< 2w(y) for all v
with a. b € L(v). v#u.

4

Forallue N, wiu) =2 max,; « 1) Mla, b)



2.1.3 Distance versus similarity scores  We note that in many cases,
the relationship between terms is presented in the form of a similarity
matrix, rather than a distance matrix. The two are interchangeable for the
algorithms proposed below. For example. subtract the similarity scores
from a large constant to get a valid distance function between two terms.

2.2 CliXO algorithm

We consider a simple heuristic as described in Figure 1C. Consider an
undirected graph U with nodes € 7 and no edges. Let S be a stack of all
pairs (a. b) sorted by distances M(a, b), with the smallest value at the top.

Algorithm CLIXO(S)

Input: Stack S of sorted distances

Output: Non-terminal nodes in the ontology-graph
1: Cg=u6)

2. while (S # {})

. (a, b) = top(s); t = Ma, b)

. while (M(a, b) == t)

(a, b) = Pop(S)

Add edge (a, b) to U

. Ceur = Set of maximal cliques in U

- Cg:=Cg Copp

. (Cg forms the set of non-terminal nodes in G)

Voo U W

Note that each maximal clique in U corresponds to a node of the
ontology graph, with an obvious hierarchy. We use an algorithm pro-
posed by Chiba and Nishizeki (1985) to compute all maximal cliques in
time O(my a(U)) where m is the number of edges in U, y is the number of
maximal cliques in U and a(U) is the arboricity of U (a(U)<n where
n = |T]). While output-efficient, the number of cliques can be large.
Moreover, the algorithm may output the same cliques repeatedly.

We modify the algorithm above to maintain only informative maximal
cliques defined as follows. At any time in the algorithm, a pair of terminal
nodes a. b is explained if a and b are both elements of a single clique which
is already in Cq. A clique is necessary if it contains a pair of terminal
nodes ¢, d which is not contained in any other single clique in Cg;.
A clique C € Cg, is informative if it is both necessary and contains at
least one pair of non-explained terms. Only informative cliques are added
to Cg.

Next, we check cliques dynamically for maximality and informative-
ness. Define N(a) as the set of vertices adjacent to ¢ in U. Let C, represent
the set of maximal cliques in C,, containing «. Consider Steps 5 and 6,
where (a. b) is popped off S and edge (a. b) is added to U. For each clique
(" € C,, we create a new clique €' N N(b) U {h}. Similarly, for each clique
C" € C), we will create a new clique C' N N(a) U {a}. These are the only
new cliques. Each new clique C,,., is checked for maximality. If maximal,
add each Cyey 10 Cgyy, and remove from Co,, all cliques in C, or in (),
that are contained in (i.e. a subset of) a C,.,. Finally, when we are ready
to increase the threshold [all («, ) matching the current threshold have
been popped], we check all cliques in C,, and retain only the informative
ones. CliXO with dynamic checking for maximality and informativeness
can compute all informative maximal cliques in O( Mny ) where M is the
number of non-zero edges in M, n = |T| and y is the number of inform-
ative cliques in the final output G. Practically, y < p, where g is the total
number of all maximal cliques at each unique 7 in U, and this results in
significant performance increase.

2.2.1 Imperfect case  In the imperfect case, the only change is in Step 8
of the CliXO algorithm. Instead of adding all informative cliques in Cgy,
to Cg each time a new threshold is reached, we add to Cg only those
informative cliques C in C,, for which max,;, . ¢ M(a,b)<1—c.
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This algorithm can perfectly distinguish between signal and noise when
« is smaller than s, the smallest distance between any child-parent node
pair in the ontology and larger than a noise value 7(G), determined by the
following procedure. For each term « € G, order by value all M(a, b)
where a. b € u. n(u) for a non-terminal node u is the maximum difference
between adjacent values in this ordered list and n(G) = max,. y n(u). It
is not possible to directly determine n(G) without knowing the true ontol-
ogy structure, but it is a useful concept for understanding «. On a con-
ceptual and practical level, #(G) can be estimated as roughly 2x the
standard error of measured pairwise distances (e.g. when the experiments
used to measure distance are replicated both technically and biologically).
« can be set to this estimated n(G).

It may not always be possible to set @ so that n(G)<a<s because
sometimes #(G)>s. In this case, if @ <n(G), it will result in the creation
of extraneous terms that are a subset of a ‘real’ term. If «>s then any
‘real’ child node ¢ that is close to its parent node p, i.e. 200(p) — w(c)) < a,
will not be included in the ontology. One practical strategy for dealing
with this case is for the user to focus on a particular small. well-known
section of the ontology (e.g. a molecular machine like the proteasome)
and observe it over various levels of . If many extraneous terms seem to
be being created, then « is likely too low. If known levels of the hierarchy
are being collapsed, then « is likely too high.

2.2.2 Missing edges (false negatives) We expect that in real mo-
lecular data, there will be a number of missing edges—i.e. measurements
for a. b € T where M(a, b) > w(a, b) in the ‘true’ ontology. These missing
edges will cause splitting of maximal cliques into highly overlapping
smaller cliques. For example, a “true’ term of size k with just one missing
edge in the measured distances M will result in two smaller terms of size
k + 1 in the DAG inferred from M.

2.2.3 Algorithm: Missing Edges ~We maintain the properties of the
noisy measurements case. However., we now add a user-defined param-
eter B and the ability to edit M. the input distance matrix, when we infer
that an edge is likely missing (i.e. is a false negative). B is a parameter
where 0 <g < 1. Two cliques C; and C; are considered highly overlapping
by the algorithm if for all « € C; U C

N(a)N(C; U Gyl > B,

|Ci U (,| —1 -

We modify the CliXO algorithm, again in Step 8. Before an informative,
maximal clique C; € Cy, is added to C;. we check all other C; € C, for
high overlap with C;. For any C; found to be highly overlapping with C;,
we also check for any C; € C,, that are highly overlapping with C,.
Recall w(C) = max,sec M(a, b). For all such highly overlapping pairs
of cliques C;and C}, we then set M(a, b) = max(w(C,), w(C))) forall a, b €
(C; U C)) with M(a, b)>max(w(C;), w(C;)). We add all edges adjusted in
M to U and update Ceyy.

2.2.4 Other algorithms considered ~We evaluate ontologies inferred
using the NeXO algorithm (Dutkowski er al., 2013). the Local Fitness
Algorithm (Lancichinetti et al., 2009), and several standard hierarchical
clustering algorithms including the Unweighted Pairwise Group Method
(UPGMA: Sokal and Michener, 1958), the Weighted Pairwise Group
Method (WPGMA: Sneath and Sokal, 1973), Ward’s minimum variance
method (Ward, 1963). Complete Linkage (Serensen 1948), and Single
Linkage (Florek er al., 1951).

2.3 Evaluation of reconstructed ontologies

2.3.1 Ontology alignment  Ontologies were aligned as in Dutkowski
et al. (2013). Briefly, given two ontologies O, with 1) terms and O, with i,
terms, an ontology alignment A is a mapping of terms between ontologies
such that each term in O; maps to at most one term in O, and vice versa.
Term mapping in our alignment procedure is evaluated using a score



function that considers the similarity of the sets of genes assigned to terms
(intrinsic similarity) and the similarity of the ontology hierarchy sur-
rounding each term (relational similarity). Each pair of terms which is
aligned receives an alignment score ranging from 0 to 1 where 1 represents
identity in both intrinsic and relational similarity.

To calculate false discovery rate (FDR) of term alignment, we first
create n ontologies with the same structure as the inferred ontology O, but
with all gene labels randomly permuted. The FDR of a term alignment at
a given score f is then:

n
ﬁz N (1)
. _ i1
FDR(1)= T
Where Ng (1) is the number of terms in the random permutation / that
have an alignment score =¢, and N(¢) is the number of terms in the
ontology O; that have an alignment score >r. Terms are binned by size
for the FDR computation, and we set a minimum score threshold value
1= 0.1 for large terms and higher threshold values for small terms so as to
maintain an FDR <5% within each size group.

The alignment procedure also respects the preservation of structural
relationships across ontologies being aligned. It does this by ensuring that
there are no conflicts between individual mappings in the final alignment.
There are two versions of the alignment—in the permissive version, a
conflict exists between mappings (e, ¢2) and (e, ¢2') where ¢, ¢/" € Oy
and e,. 5" € O, if there is a parent—hild criss-cross—that is, cither ¢; is a
descendant of ¢, in Q) and e, is an ancestor of e, in Os, or ¢/ is a
descendant of ¢; in O and ¢, is an ancestor of ¢, in Os. In the strict
version, there is a conflict if ¢; is a descendent of ¢)" in ) and ¢; is not a
descendent of ¢-’ in Q1. The permissive version places most value on the
alignment between individual nodes, whereas the sirict version also re-
quires that the relations between nodes are preserved.

2.3.2 Precision and recall of inferred ontologies  For evaluating
inferred ontologies, we first align the inferred ontology 7 to the gold
standard ontology G, in our case GO. This gives us an alignment A.
We then determine precision and recall as

precision= ﬂ recall = 4l
17 |Gl

where |A4| is the number of terms aligned with 1= 0.1 and FDR <5%.

3 RESULTS AND DISCUSSION

3.1 Ontology inference from semantic similarity

We began by testing performance using input similarity data
that are perfectly consistent with the target ontology. For this
task, we calculated the Resnik semantic similarity (Resnik, 1995)
of all gene pairs in the BP branch of GO to form a complete,
weighted graph. Using these data, CliXQ was able to nearly
identically infer the original ontology, with >98% of BP terms
identically reconstructed (Fig. 2A) and 100% of inferred terms
aligned to a term in BP (Fig. 2B). The other algorithms tested,
including several common hierarchical clustering methods which
build trees and a method for directly creating a DAG (Local
Fitness), struggled with this task by comparison. The Local
Fitness algorithm, while capable of operating on a complete,
weighted graph, struggles to distinguish the borders of terms,
instead joining true terms into larger groups which do not recap-
itulate the true ontology (recall <5%. precision <30% by align-
ment). The hierarchical clustering methods behave similarly to
each other (with the exception of single linkage which performs
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worse). While these methods often reconstruct BP terms (recall
of ~20% terms identical, ~70% terms aligned), these methods
suffer from the creation of numerous extra terms. Since they
create a binary tree, they are forced by construction to create
terms even if they are not supported by the data. This greatly
damages the precision of these methods. The ontologies created
by these methods contain roughly 3x as many terms as the true
ontology. CliXO, on the other hand. finds the borders of each
term from the data—it is not forced to create terms where they
do not exist.

The NeXO algorithm. while not able to operate on a complete
graph, can be run on these data by applying a threshold at a
semantic similarity value and keeping only edges above this
threshold. While this results in information loss, especially
about larger ontology terms and substructure of smaller terms,
NeXO is capable of at least approximating many terms (~40%
recall, ~70% precision by alignment) when using a network with
edges consisting of the top 10000 semantic similarity scores
(these top scores actually perfectly specify the terms of size 10
genes or fewer, as the vast majority of edges in the semantic
similarity network are due to larger terms). Still, the terms pro-
duced by the NeXO algorithm are only an approximation of the
true terms (precision, recall <10% by identity). Furthermore, the
precision slips dramatically with almost no gain in recall as
the threshold is lowered and NeXO uses more edges (recall
42%, precision 62% by alignment using the top 20000 edges;
recall 43%, precision 49% by alignment using the top 100000
edges).

The 83 GO BP terms not identically reconstructed by CliXO
are those where information loss occurs in the conversion to
semantic similarities. There are two such possible cases. First,
two highly overlapping terms are indistinguishable from one
larger term 1f the genes in the overlap already belong to a term
with higher similarity. For example, if {a, b, ¢, d} =T,
{a, b, ¢, e} = Ts, {d, e} € Ts, then CliXO cannot distinguish T,
from T,. Therefore. one term with {a, b, ¢, d. ¢} will be created.
Second, a term is ‘invisible” in the semantic similarity data if all
gene pairs in that term also belong to higher similarity terms.
CliXO cannot discover these ‘invisible’ terms.

3.2 Accounting for noise

Of course, we cannot expect to have experimental data that
exactly model a semantic similarity measure. We expect three
types of noise in experimental data—false positives, false nega-
tives and Gaussian noise.

The simplest of these cases is false positives (cases where a gene
pair is falsely assigned a high similarity). Assuming that false
positives are randomly scattered throughout the network, we
can expect that these false positives are unlikely to form and/or
complete a clique. Rather, these will lead to the creation of small
maximal cliques, usually containing only the two genes with the
false positive measurement between them. In some cases, a par-
ticularly well-placed false positive may create an extraneous
cligue of size 3. For this reason, we choose to ignore terms of
size 2 and 3 when our algorithm is run on experimental data.

Gaussian noise in measurement will cause gene pairs that all
belong to the same ontology term to have slightly different mea-
sured similarities. To simulate this, we added Gaussian noise
centered at 0 with varying SDs to the calculated Resnik semantic
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Fig. 2. Inferring an ontology from semantic similarity. Precision-recall plots for ontologies inferred from GO BP Resnik semantic similarities, True

positive inferred terms are identical (A) or aligned (B) to a GO BP term using permissive alignment

similarities and then inferred the ontology. Without the « par-
ameter (o = 0). CliXO incorrectly infers many intermediate
terms (leading to low precision. Fig. 3A) in addition to the cor-
rect terms (leading to high recall. Fig. 3B). When the & parameter
1s included and optimized (Section 2.2.1). then the CliXO algo-
rithm 1s able to distinguish signal from noise. This allows for
stable performance of ClLiXO even in the presence of noise. It
should be noted that the median signal in this ontology is actu-
ally two orders of magnitude above the minimum signal, so even
at a relative noise of 0.1, some terms in the ontology are already
completely washed out due to noise. For all values where noise is
less than minimum signal, CliXO with the & parameter is able to
perfectly reconstruct the input ontology.

False negatives are cases where two genes belong to the same
term but the edge between them either does not exist or has an
extremely small similarity. The effect of a missing edge from a
clique of size k genes is to split that clique into two smaller
cliques of size k — 1 genes that share &k —2 genes. To account
for these missing edges, our method incorporates the parameter
A which causes the algorithm to find and merge highly overlap-
ping cliques (Section 2.2.3). Without this parameter (equivalent
to g = 1), CliXO immediately infers far too many terms, result-
ing in very low precision even with only 1-10% of edges missing
(Fig. 3C). With g = 0.5, CliXO is able to maintain very high
precision and recall even with large percentages of edges removed
(precision and recall remain >80% with hall of all edges removed
and >50% with 80% of all edges removed, Fig. 3C, D). It should
be noted that there is a slight hit in recall by using g = 0.5 when
no edges are removed-—this is because there are a small number
of real terms in the ontology which qualify as highly overlapping,
and these terms are erroneously merged. Still, recall remains
~90% with precision near 100%.

A thought experiment may reveal why the algorithm is robust
with a fixed g over a wide range of missing edges. The operation
to infer missing edges is based on finding pairs of highly over-
lapping cliques and filling in missing edges between them. If a
single edge is missing from an otherwise complete clique C, this
will create two highly overlapping cliques €, C> € C which will
each contain one unique element. C; and €, will be merged by
the algorithm to create C. If'a second edge is removed which does
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Fig. 3. CliXO with Noise. Precision (A, C) and recall (B, D) for ontology
inferred from Resnik semantic similarities beneath and including CC
Biogenesis BP term (GO:0044085). True positives by strict alignment.
Varying levels of Gaussian noise added to (A, B) or edges removed
from (C. D) semantic similarity measure. Relative noise = 1/Median
Signal to Noise ratio. Error bars represent standard error over 10
tested networks with random noise or edges removed per point

not share a vertex with the first, then these two cliques will now
each split into two cliques (for a total of four cliques—Cy,, Cy2 C
Cy and (5, C; € C5). Even if #1is set so that C; is not con-
sidered highly overlapping with Cs; or Csa, still Cpy will first be
joined with Cy» to form C; while C»; and C»» are joined to form
C>. €y and C> will then be found to be highly overlapping and



are therefore joined to make C. As more edges are removed from
the original clique C this will simply lead to extra rounds of
clique merging before C is recovered (this breaks down a bit as
missing edges share vertices, but with a g set appropriately low
this can be overcome). Because of this thought experiment and
the experimental results in Figure 3C and D where the algorithm
displays robustness to a wide range of missing edges with
B =10.5, we have set g =0.5 for all experiments using -omics
data. We recommend this setting for all use cases where missing
edges are expected.

3.3 Ontology inference from -omics data for yeast

With CliXO performing well even in the presence of noise and
significant levels of false negatives, we turned to the problem of
inferring an ontology directly from experimental data. For this
purpose, we used three -omics datasets—genetic interaction (GI)
profile Pearson correlations as provided by Costanzo et al.
(2010), gene expression (GE) profile correlations across all
arrays in the Stanford Microarray Database (Hubble et al.,
2009) and YeastNet v3 (Kim et al., 2014), a recently released
functional gene network which combines evidence from multiple
experimental sources to provide a weighted functional relation-
ship between genes. All three of these datasets provide quantita-
tive weights that correlate with the semantic similarities
calculated from GO BP (Fig. 4A. C and E).

We noted that in all three of these datasets, there is a tight and
strong correlation with the GO BP semantic similarity values at
the very highest end. However, this tight correlation loosens as
the edge weights in the -omics data decrease, as seen by wider
ranges of scores and also several consecutive levels of scores in-
distinguishable from the lowest scores. This indicates increasing
levels of false positives as the edge weights decrease. At this point
we note that the CliXO algorithm outputs terms in order of
decreasing weight, where a term weight is equal to the lowest
similarity edge between any two genes in that term. This, com-
bined with the decreasing reliability of the -omics data as the
edge weights decrease, means that a single run of CliXO with a
fixed « outputs terms in order of reliability, with the most reliable
first. As such, a precision-recall curve can be calculated for a
single CliXO ontology where a single point represents the align-
ment to GO of a CliXO ontology containing all terms above a
given term weight. These precision-recall curves for CliXO at a
fixed & are shown in Figure 4B, D and F, with the top left points
representing a term weight equivalent to the top 10000 edges and
the bottom right point representing all terms for GI and
YeastNet v3 and a term weight equivalent to the top 100000
edges in the GE network.

We applied CliXO and several other algorithms to the prob-
lem of inferring the ontology from each of these three -omics
datasets and aligned the resulting ontologies to GO BP. We
report precision—recall curves for a range of « values, where
lower « creates more terms and results in higher recall but at
the cost of lower precision. For genetic interaction profile cor-
relations, CliXO was the clear winner, with all & values resulting
in precision-recall curves with higher precision—recall (50-10%,
3-8% by strict alignment) than competing methods including
LocalFitness (15% precision, 5% recall), UPGMA (8%, 6.4%)
and NeXO (10%, 5% at threshold of top 10000 edges).
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Next, several algorithms were run on the Pearson correlations
of gene expression profiles across all arrays in the Stanford
Microarray Database. All methods scored relatively poorly for
the recall of GO BP terms (<3%). This is likely because these
profiles were calculated across all arrays, causing information
from individual experiments (which each represent relatively
few arrays of the total) to be lost. The CliXO algorithm, how-
ever, was the only algorithm capable of separating the informa-
tion present from noise. producing precision as high as >50%
(Fig. 4D) for some parameter settings, greatly outperforming
other algorithms (<10% precision).

We next applied all algorithms to YeastNet v3. In this test, all
versions of CliXO (precision 17-41%. recall 31-21% by strict
alignment) and the NeXO algorithm with an optimized threshold
of the top 20000 edges (precision ~24%, recall ~28% by strict
alignment) outperformed other methods tested (Fig. 4F).
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We note that while NeXO with an optimized threshold par-
ameter is capable of matching CliXO in precision and recall, the
performance of the NeXO algorithm is much more sensitive to
this parameter choice than CliXO is to the choice of either « or a
term weight threshold. In fact, the performance of the NeXO
algorithm degrades quite rapidly as its threshold is loosened
(Fig. 4F). Furthermore, the NeXO algorithm is quite inconsist-
ent in its output as the threshold is varied. When compared with
the best NeXO using the top 20000 edges in YeastNet v3, no
other versions of NeXO reproduced >4% of the terms exactly,
and less than half of the terms aligned strictly (Fig. SA). Without
a reliable gold standard, it would be quite difficult to set this
threshold for NeXO reliably.

CliXO, on the other hand, simply offers the user a tradeoff
between precision and recall with its parameters. As « increases,
so does precision at the cost of decreased recall. Furthermore, the
CliXO algorithm is quite consistent as its parameters are varied,
in contrast to the NeXO algorithm. As more terms are con-
sidered (lower edge weight threshold). all previously created
terms are unaffected (Fig. SA). Varying « also preserves the ma-
jority of terms, with >60% identical and >80% aligned strictly to
CliXO with @ = 0.01 (Fig. 5B). This behavior allows the user to
have confidence that CliXO is producing reliable output over a
range of parameter settings. Furthermore, the effect of tuning
these parameters is predictable.

The CliXO inferred ontology with « = 0.01 infers 1833 terms
from the top 30000 edges in YeastNet v3 with a precision of
30% and a recall of 25% by strict alignment. The resulting struc-
ture is in fact a DAG and not a tree, as many nodes have mul-
tiple parents (Fig. 6A) and multiple children (Fig. 6B). Genes are
more likely to be annotated directly to multiple parents (range
1-12, median 2) than internal nodes (range 1-3, 32 have multiple
parents). Created terms range is size, roughly following a power
law distribution as expected (Fig. 6C). The inferred ontology
aligns not only to terms in the BP branch of GO, but also to
the cellular component (CC) and Molecular Function (MF)
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branches. Overall, 44% of the 1833 terms in this inferred ontol-
ogy align to at least one of the branches in GO at an FDR of
<5% using strict alignment (Fig. 6D).

It should be noted that YeastNet v3 learns functional relation-
ships from data in a supervised fashion, with GO BP term
comembership serving as the gold standard for training.
Therefore, there is some circularity in reconstructing GO BP
from this network. However, comparisons between reconstruc-
tion methods are still valid. Furthermore, the training takes place
only at the level of the weight for each experiment type, so there
is ample opportunity for a gene pair to score highly despite no
known relationship in GO.

3.4 Further applications of CliXO algorithm

Here we have explored the de novo construction of ontologies
from pairwise similarity data and compared several potential
algorithms to do so. We have also introduced a new algorithm,
CliXO. which performs well at this task and also may have fur-
ther applications. First, CliXO may be useful as a way to com-
bine manually curated ontologies with -omics data to create an
updated ontology. For example, semantic similarities calculated
from a manually curated ontology could be adjusted based on
support in -omics data, followed by reconstruction of the ontol-
ogy using CliXO. The updated ontology could then be aligned to
and compared with the original ontology, revealing areas where -
omics data supports changes to the original ontology.
Furthermore, CliXO can be viewed as a generic algorithm to
convert pairwise similarity measurements between individual



entities into a hierarchical DAG where terms represent groups of
entities which are similar to each other and a single entity may
belong to more than one term. The exact meaning of the result-
ing structure will change depending on the similarity measure-
ment used, but in general there will be an intuitive understanding
of the result. For example, one could take a similarity measure-
ment between cancer patients” genomes and then use the CliXO
algorithm to construct a hierarchical DAG where each term rep-
resents a group of patients that are genetically similar to each
other—i.e. genetic subtypes of cancer. As another example, one
could take measurements of connection similarity in a social
network and use CliXO to discover social groups in this network.
We leave these applications for future work.

4 CONCLUSION

Here we have explored the requirements for inferring an ontol-
ogy from a similarity matrix and available methods for doing so,
as well as proposed a new method, CliXO. We found that CliXO
outperforms other methods when a reliable similarity matrix is
available. When using -omics data, we found that CliXO outper-
forms other methods on two of three datasets tested and ties the
NeXO algorithm on the third, where both were able to success-
fully infer an ontology similar to GO BP. Furthermore, CliXO
proved significantly more stable than NeXO to changes in par-
ameters. This study provides the algorithmic foundation for
building gene ontologies by capturing hierarchical and pleio-
tropic structure embedded in biomolecular data.
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ABSTRACT

We have developed a general progressive procedure, Active Interaction Mapping,
to guide assembly of the hierarchy of functions encoding any biological system. Using
this process, we assemble a comprehensive ontology of functions comprising autophagy,
a central recycling process implicated in numerous diseases. A first-generation model,
built from gene networks previously generated in Saccharomyces, recovers most known
autophagy components and places them in broad relation to the cellular response to
stress, cell cycle and general vesicle transport. Systematic analysis identifies synthetic-
lethal genetic interactions as the most informative data for further experiments;
consequently, we saturate the model with ~156,000 such measurements across
autophagy-activating conditions. These targeted interactions provide more information
about autophagy than all previous datasets, leading to a second-generation ontology of
220 discrete, hierarchically related functions. Among multiple new findings, we confirm
a role for Atg26 in transport of aminopeptidase I by the cytoplasm-to-vacuole targeting

pathway, a biosynthetic autophagic process.
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INTRODUCTION

A key promise of Systems Biology has been to advance our understanding of
biological systems by combining genome-scale data with model building in a virtuous
cycle (Ideker et al., 2001a; Kitano, 2002). New genomics data inform the biological model
and, in turn, analysis of the model informs collection of new datasets. Systems Biology
studies typically begin with extensive survey of the literature to assemble knowledge of
the specific molecules, interactions and reactions involved in a biological system and to
use this knowledge to initialize a computational model, for instance of metabolism, cell
signaling or transcriptional regulation (Covert et al., 2004; Davidson et al., 2002; Ideker et
al., 2001b; Karr et al., 2012; King et al., 2004; Malleshaiah et al., 2010). Once the model
is built, model predictions are systematically compared to laboratory measurements, with
discrepancies used to improve the model and design further experiments.

Formulating a model from literature can be laborious, requires that much is already
known about the system, and may be biased towards well-studied components.
Alternatively, many studies have sought to construct models of biological systems directly
from systematic datasets (Ergun et al., 2007; Ho et al., 2002). Genome-scale data, including
profiles of MRNASs, proteins or metabolites and gene and protein interactions, are analyzed
to infer a set of genes, gene interactions, and/or clusters or modules of genes describing the
system (Behrends et al., 2010; Havugimana et al., 2012; Kim et al., 2011; Lefebvre et al.,
2012; Picotti et al., 2013). In recent years, such network models have been increasingly
used to sketch the molecular relationships underlying key biological systems, including

tissue specificity (Greene et al., 2015) and stem cell pluripotency and differentiation
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(Cahan et al., 2014), as well as diseases such as autism (Parikshak et al., 2013) and cancer
(Carro et al., 2010; Creixell et al., 2015; Leiserson et al., 2015).

At this juncture, we see two challenges. First, biological systems do not merely
consist of a flat network of genes and gene modules — they are exquisitely hierarchical in
nature. Models should seek to capture this hierarchy, which extends over multiple scales
from nucleotides (1nm scale) to proteins (1-10nm), protein complexes (10-100nm), cellular
processes (100nm), organelles (1pm), cells (1-10pm), tissues (100pm-100mm) and
complex organisms (>1m). Second, while the field has taken a foundational step by
enabling the construction of models directly from data rather than literature, a next step
will be to determine how to iteratively improve these models with the most appropriate
new data. The ability to rationally motivate and design new -omics data sets is sorely
needed in genomics at large; far too many large-scale experiments are performed simply
because one can, without formal justification or guidance for why those experiments might
lead to an improved biological understanding.

Towards the first challenge, a hierarchical biological model in very widespread use
is the Gene Ontology (GO) (Ashburner et al., 2000). Through extensive literature curation
efforts, GO aims to factor the cell into a complete hierarchy of cellular components and
processes, each represented by a GO “term”. Recently, we showed that an ontology of the
cell very much like GO could be automatically constructed from diverse genome-scale
datasets, bypassing manual curation of literature (Dutkowski et al., 2013; Kramer et al.,
2014). Using this method we built a data-driven ontology of yeast, the Network eXtracted
Ontology (NeXO), which recapitulated approximately 60% of known cellular components

in GO. Analysis of new terms in NeXO but not in GO revealed many functions that were
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subsequently added to GO by its curators, illustrating the potential for biological discovery
through the construction of ontologies directly from data. However, it was also clear that
our hierarchical understanding of cell biology is far from complete, leaving open the
second challenge: how to most efficiently improve cell function hierarchies with high value
experiments. Thus far, methods have been devised for selecting the optimal next
experiment considering a particular kind of model (e.g. a gene network), data type (e.g.
growth phenotyping), and a constrained repertoire of treatments (e.g. single or double gene
knockouts) (Atias et al., 2014; Barrett and Palsson, 2006; Ideker et al., 2000; King et al.,
2009; King et al., 2004). However, such questions of experimental design have not been
approached for building ontologies, and given the plethora of -omics data types that can
now be generated, guidance is especially needed on which type of data one should collect.

Here, we describe a general program for elucidating the hierarchy of functions
underlying a cellular process, based on progressive cycles of mapping and modeling which
we call Active Interaction Mapping (Al-MAP, Figure 1). We apply this approach to
develop a hierarchical model of autophagy, the process of “self-eating” by which cells
respond to starvation and other stress by degrading macromolecules into amino and fatty
acids for synthesis of new proteins and ATP (Levine and Yuan, 2005). During autophagy,
which is highly conserved from yeast to mammals (Feng et al., 2014), cellular contents are
enclosed in a double-walled membrane and delivered to the yeast vacuole or mammalian
lysosome for degradation; such contents can include general bulk cytoplasm
(macroautophagy) or selective targets such as peroxisomes (pexophagy), mitochondria
(mitophagy), ribosomes (ribophagy), protein aggregates (aggregophagy), lipid droplets

(lipophagy), pathogens (xenophagy) or parts of the nucleus (nucleophagy). All general and
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selective autophagy pathways share a core set of molecular machinery (Jin and Klionsky,
2013), which has been implicated in tumor suppression (Liang et al., 1999),
neurodegeneration (Rubinsztein et al., 2005), pathogen defense (Talloczy et al., 2006),
development (Wu et al., 2013), growth control (Wang and Levine, 2010), and aging
(Rubinsztein et al., 2011).

In what follows, we 1) construct a first-generation ontology model of autophagy
from publicly available interaction networks for the budding yeast Saccharomyces
cerevisiae, 2) identify synthetic-lethal genetic interactions as the most useful type of data
for systematically improving the model, 3) generate static and differential genetic networks
involving growth measurements of approximately 156,000 yeast genotypes across
autophagy-relevant conditions, and 4) integrate these new with previous datasets to arrive
at a substantially improved understanding of autophagy. The Active Interaction Mapping
process creates a ‘living” ontology of cell function which actively suggests new data types
for self-improvement and highlights new functions discovered as data are added.
RESULTS
Integrating diverse ‘omics data constructs a first-generation model of autophagy

To initialize the AI-MAP process, we sought to construct a ‘first-generation’
hierarchical model of autophagy, called the Autophagy Ontology (AtgO), based on
publicly available molecular interaction network datasets in S. cerevisiae. Although not all
datasets have been specifically designed to study autophagy, general or selective autophagy
pathways are thought to have some activity in nearly all conditions (Reggiori et al., 2012).
In total, we obtained a large compendium of 76 networks of 7 different data types,

including protein interactions, genetic interactions, gene co-expression and gene-gene
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similarity based on shared protein sequence and structural information, as previously
curated for YeastNet v3 (Kim et al., 2014) (Figure 1A).

To build an ontology from these heterogeneous datasets, we applied a previously
published approach (Kramer et al., 2014) which integrates all data into a single pairwise
gene similarity network (Figure 1B) and then analyzes the hierarchical structure of this
network to infer a gene ontology (Figure 1C). Pairwise gene-gene similarities in the data-
derived similarity network were determined using a statistical regression procedure that
combines available interaction datasets into a single quantitative similarity score. To learn
how the different data types should be combined, the regression was trained to model a
‘standard reference’ gene similarity network derived from GO (gene-gene similarity scores
based on relatedness in GO of the two genes, see Experimental Procedures). In this way,
the data-derived similarity network was able to capture known biological processes and
components in GO when supported by data (Pearson r = 0.4 versus GO, p < 10°%, out-of-
bag prediction); similar data combinations then identify new biological processes,
components, and relationships not previously documented (Figure 2A).

For assembly of the ontology, we selected 492 candidate genes with potential
relation to autophagy. First, we included 20 genes designated as having core functions
common to general and selective autophagy (Jin and Klionsky, 2013). Beyond these core
genes, another 102 genes were annotated to “autophagy” (G0:0006914) by GO and were
also included. Finally, 370 additional genes were identified based on network similarity to
the core genes (Figure 2B). A broad net was intentionally cast to allow later steps of the

AI-MAP process to dictate which of these 492 genes are most related to autophagy.
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Figure 1. Program for Active Interaction Mapping. After initialization with public data
sets (A), the approach proceeds by progressive iterations of data integration (B),
hierarchical model assembly (C), and adaptive generation of new data (D).

The CIiXO algorithm (Clique Extracted Ontologies, Kramer et al., 2014) was then
applied to analyze the hierarchical structure of the data-derived gene similarity network
among these 492 genes (Figure 1C). By this method, nested communities of genes
apparent in the pairwise similarity data were identified and represented by a hierarchy of
terms and term relations (inferring a directed acyclic graph, Figure 2C). The result was an
initial Autophagy Ontology (AtgO 1.0) of 218 terms and 310 term relations. To determine
which terms represent known biological functions and which represent potential new
biology, AtgO 1.0 was aligned with GO according to a previously described alignment
procedure (Dutkowski et al., 2013). This process seeks a one-to-one mapping between
terms in AtgO and terms in GO; for significantly aligned terms, term names and

descriptions are transferred from the GO reference. Turning to the section of the AtgO
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hierarchy closest to known autophagy genes, we focus on term AtgO:9, which aligned to
the GO term “autophagy”. This term encapsulated 234 genes organized into 82 sub-terms
(Figure 3A-C), including 19 of the 20 core autophagy genes and 67 of the other 102 genes
annotated to GO:‘“autophagy” (Figure 3D). Also included were 148 genes newly
associated via the similarity networks; within these we observed a significant enrichment
for functions in cell cycle (51 genes, p < 1012), cellular response to stress (42 genes, p <
10'?) and general vesicle transport (47 genes, p < 10°%), placing these functions in broad
relation to autophagy. Of the 82 sub-terms, 6 were significantly aligned to GO terms in the
GO:“autophagy” branch, 32 were significantly aligned to other GO terms and therefore
brought these functions under the umbrella of autophagy, and the rest represented potential

new sub-components or processes of autophagy discovered from data.
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Figure 2. Assembly of hierarchical model from integrated data. (A) Pairwise gene
similarity scores from curated knowledge (GO) versus the integrated data. Curves track
percentiles in GO similarity scores at a given level of data similarity. (B) Selection of
autophagy-relevant genes. The similarity of each yeast gene to a seed set of 20 core
autophagy genes (Jin and Klionsky, 2013) is calculated by integrating information in the
data- and GO-derived similarity networks. Kernel-smoothed probability densities of these
similarities are plotted for the 20 core autophagy genes (red), 102 other genes annotated to
GO:*“autophagy” (yellow), and all other genes (green). A similarity threshold (vertical line)
was set to select genes at least as similar to core genes as those in GO:“autophagy”. (C)
Inference of the hierarchical model from (idealized) pairwise similarity scores using
CliXO.
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Figure 3. First-generation autophagy ontology. (A-C) AtgO 1.0 model of terms
(rectangles), genes (ovals), and hierarchical interrelations among these (links). Rectangle
size shows number of genes annotated to that term; its color shows term alignment to GO:
darker blue indicates higher similarity to GO, white terms / red outlines do not align. Oval
color indicates gene status. For compactness, gene annotations are displayed only for terms
AtgO:15 (B, no GO alignment) and AtgO:18 (C, aligned to GO: “macroautophagy”). (D)
Comparison to the Gene Ontology as curated from literature, showing GO terms and
annotations for GO:0006914:“autophagy” and its descendants. Links of the same color are
relations with the same parent term.
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Analysis of model reveals genetic interactions as most effective new data

Next, we determined which new network data would be most capable of improving
the AtgO model in further experiments (Figure 1D). For this purpose, we removed all data
of a given type and evaluated the resulting decrease in model performance, measured as
the ability to capture the GO hierarchy (Figure 4A). The largest contribution was from
protein-protein interactions, closely followed by genetic interactions; that is, recovery of
GO depends most strongly on data of these two types. Beyond this absolute importance
measure, we were also interested in the importance of data relative to the present time, i.e.,
the extent to which adding another dataset of a given type is expected to improve the model.
Therefore, we measured the decrease in model performance as individual studies of a
particular type were sequentially removed (Figure 4B). The unit of one ‘study’ was used
to normalize for different temporal and financial costs of generating each type of data — it
roughly estimates the amount of data one ‘omics lab can produce in one study on average
(i.e. data per lab-study). We found that removing single studies of genetic interactions
caused the steepest instantaneous decrease in performance, suggesting that such studies
may continue to provide the most information. A similar result was obtained when
individual interactions rather than whole studies were progressively removed (Figure S1).
Interestingly, gene expression data provided very little information not captured by other
data types, either when removed as a group (Figure 4A) or one study at a time (Figure

4B).
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Figure 4. Active analysis of data types leads to conditional genetic interaction maps.
(A) Performance decrease in AtgO 1.0 when all data of one type are excluded from the
model. Performance is measured as the Pearson correlation between pairwise similarity
scores derived from integrated data versus GO, focusing on gene pairs within the 492
autophagy-related genes (see main text). (B) Performance degradation as single studies of
the indicated type (color) are cumulatively excluded. The mean (points) and standard
deviation (error bars) are calculated over 50 random sets of removed studies. See also
Figure S1. (C-D) New genetic interaction maps between 52 autophagy query genes and
3007 non-essential array genes in untreated conditions (rich media, C) as well as rapamycin
and starvation conditions (D). Differential maps between each pair of conditions are also
displayed. (E-F) Performance of reconstructing GO, using new data only (E) or integrating
new with prior data (F). Performance is measured over gene pairs within the set of 52
autophagy query genes, in comparison to randomized data or GO (mean of 100 trials).
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Conditional genetic interaction maps markedly improve the ontology

Guided by the above analysis, we designed a systematic screen for genetic
interactions targeted at genes and conditions relevant to autophagy (Figure 4C,D).
Synthetic Genetic Array (SGA) technology in S. cerevisiae (Tong and Boone, 2006) was
used to query 52 autophagy-related genes for genetic interactions against a panel of 3,007
genes, covering approximately two-thirds of the non-essential yeast genome. SGA uses
high-throughput robotic colony pinning on agar to create and score growth of many double
gene deletion strains in parallel, here yielding 52 x 3,007 = 156,364 tests for gene-gene
interaction. SGA was performed in three conditions: rapamycin, which pharmacologically
induces autophagy; nitrogen starvation, which metabolically induces autophagy; and an
untreated control. The resulting growth measurements were analyzed using an established
computational workflow (Bean et al., 2014) to assign quantitative S-scores to all gene pairs:
S-scores near zero indicate that the growth of the double deletion mutant is as expected (no
interaction); positive S-scores indicate faster than expected growth (epistatic or suppressive
interaction); and negative S-scores indicate slower than expected growth (synthetic-sick or
lethal interaction). We computed the correlation in genetic interaction profiles between
every pair of query genes in each condition, yielding three new networks (the genetic
interaction profile of a query gene is its complete set of S-scores over all array genes).
Correlations were also computed in three ‘differential’ configurations, based on the
differences in S-scores between 1) rapamycin and untreated, 2) nitrogen starvation and
untreated, and 3) nitrogen starvation and rapamycin.

Next, we evaluated the extent to which these new networks improved the AtgO

ontology. When used as the sole source of data, networks from each of the three static
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conditions showed some ability to reconstruct GO (r = 0.13 — 0.18, Figure 4E). The
differential networks showed better performance (r = 0.23 —0.31), consistent with previous
reports on the utility of differential interaction mapping (Bandyopadhyay et al., 2010;
Ideker and Krogan, 2012). Integrating the three static and three differential conditions into
a single network yielded the best correspondence with GO (r = 0.42), suggesting that
multiple conditions reveal different aspects of cell biology. Remarkably, this performance
was better than all previous data combined (r = 0.30; Figure 4F). Integrating previous with
new data performed best of all (r = 0.48); we designate the ‘second-generation’ ontology
of 220 terms resulting from these integrated data as AtgO 2.0 (Figure 5). The terms defined
by the new AtgO 2.0 were similar to AtgO 1.0 (Figure 6A), suggesting convergence of
ontology assembly over progressive Al-MAP iterations. The substantial increase in
recovery of GO (Figure 4F) was driven by a modest increase in number of terms that
aligned to GO (Figure 6A) and a larger increase in number of genes that could now be
annotated to those common terms (Figure 6B).

For example, term AtgO:35 aligned to GO (“late nucleophagy”, G0O:0044805,
Figure 3D i) and was included in both AtgO versions, but expanded from 9 genes in AtgO
1.0 to 17 genes in AtgO 2.0 (Figure 3B i versus Figure 5B i). Of these, 15 are core
autophagy genes (Jin and Klionsky, 2013) and the remaining 2, Atgll and Atgl5, have
known core-related functions: Atgll is a scaffold that links cargo receptors with core
machinery and partially substitutes for the core function of Atgl7 (Feng et al., 2014;
Kamber et al., 2015); Atgl5 is required for release of autophagy cargos in all general and
selective pathways (Teter et al., 2001). Although 14 of the 17 AtgO:35 genes are annotated

to GO:“late nucleophagy”, none is nucleophagy-specific. Hence, we name AtgO:35 “core
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Figure 5. Second-generation ontology. (A) AtgO 2.0 hierarchical model. Rectangle color
shows term alignment to the previous AtgO 1.0; otherwise, display follows Fig. 3
convention. Atg0:249:“autophagy and related processes” and its descendants are
displayed, showing gene annotations for branches beneath AtgO:15:“ late secretory
pathway / vacuolar membrane dynamics, cell growth and stress responses” (B) and
AtgO:18:“vesicle trafficking, docking and fusion (especially golgi, some autophagy /
vacuole), glucose sensing and response” (C). All term names have been manually curated
by our team, thus may differ from previous versions of AtgO or GO.
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Figure 6. Characterization of AtgO 2.0. (A) Overlap in terms identified by GO, AtgO
1.0 or AtgO 2.0 calculated by alignment of ontologies. The Venn diagram includes GO
terms for which >50% of annotated genes are in the 492 autophagy-related genes defined
in the main text; note this includes a much larger set of terms than are included under
GO:“autophagy” (Figure 3D). (B) Gene annotations per term aligned to GO in AtgO 1.0
and AtgO 2.0. (C) Pairwise gene similarity matrix and resulting AtgO 2.0 hierarchy for a
subset of genes. (D) Genetic interaction profiles for Atg10 and Atg27, highlighting array
genes with rapamycin-dependent negative interactions. Red names indicate genes involved
in cellular integrity, blue indicates vacuolar-ATPase and brown indicates mitochondria.
(E-F) The refinement of pairwise gene similarities from AtgO 1.0 (E) to AtgO 2.0 (F),
resulting in expansion of AtgO:185 which we name “prApel aggregate processing”.
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machinery of autophagy” (Figure 5B i) and propose Atgll and Atgl5 as core autophagy

genes.

AtgO terms capture both uncurated knowledge and new discoveries

Additions in AtgO 2.0 relative to GO represent two classes of novel cellular
componentry: [1] those that are supported by prior studies missed in GO curation, and [2]
those that are potential new biological discoveries. Towards the first class, AtgO:138
recovered the Ubp3p-Bre5p ubiquitin protease complex implicated in ribophagy (Figure
5C i) (Kraft et al., 2008); AtgO:160 recovered the Pho85-Pho80 CDK-cyclin complex
which regulates autophagy (Figure 5B ii) (Yang et al., 2010); AtgO:106 recovered Skml1,
Ste20 and Cla4, part of a complex that downregulates sterol uptake (Figure 5A i) (Lin et
al., 2009). We submitted each of these terms to GO curators, and given the ample prior
evidence all were accepted for inclusion in the Gene Ontology (G0:1990861,
G0:1990860, and GO:1990872 respectively). Other terms missing from GO but supported
by literature include AtgO:221, which captured an E1/E2 enzyme complex that activates
Atg8 in a ubiquitin-like cascade (Figure 5B iii, Figure 6C), and AtgO:224, a second
ubiquitin-like cascade activating Atgl2 (Fig 5B iv, Figure 6C) (Kaiser et al., 2012).
Numerous new AtgO gene annotations were also supported by prior studies: for instance
term AtgO:96 was assigned Vac8, Nvjl, and Swhl, which form the nucleus-vacuole
junction (Figure 5B v) during piecemeal microautophagy of the nucleus (Dawaliby and
Mayer, 2010; Kvam and Goldfarb, 2004). Two of these genes (Nvj1, Swhl) were not
annotated as such in GO and thus at our request were annotated to this term (GO:0034727).

As another example, we found that eight genes annotated to autophagy by AtgO but not
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GO already had literature support for autophagy phenotypes: Hogl (Prick et al., 2006),
Pepl2 (Kanki et al., 2009), Snfl (Wang et al., 2001), Stt4 (Wang et al., 2012), Tpkl
(Budovskaya et al., 2004), Vps4 (Nebauer et al., 2007), Vps51 (Reggiori et al., 2003), and
Vps52 (Reggiori et al., 2003). Here too, these new gene annotations were accepted for
inclusion in GO. Thus, our confidence in AtgO is increased by the discovery that much of
it already has literature support, even when discrepant with the current GO. Furthermore,
although the above knowledge had been previously reported, such knowledge is valuably
captured, structured, and unified by AtgO as a central research resource.

We now turn to the second class of novelty in AtgO — newly discovered terms with
strong data support in AtgO but not previously reported. For example, AtgO:183 involved
two genes: Atg27, a membrane protein involved in Atg9 vesicle trafficking; and Atg10,
which activates Atgl2 (Figure 5B vi, Figure 6C). This term was present in AtgO 1.0 due
to correlation in previously measured genetic interaction profiles (Costanzo et al., 2010)
and strengthened in AtgO 2.0 due to consistent correlations in all static (0.73 — 0.81) and
differential (0.54 — 0.67) networks. Atg27 and Atg10 exhibited significantly overlapping
rapamycin-dependent negative interactions with genes related to cellular integrity and
potentially other functions (Figure 6D, p < 10°%°); loss of either gene causes rapamycin-
dependent sensitivity to cell wall insults via an unknown mechanism. As another example,
Atg0:219 was a new term in AtgO 2.0 that grouped Atg8, a ubiquitin-like protein in bulk
autophagy and selective cargo recruitment (Noda et al., 2010), and Atg24, a sorting nexin
with roles in selective autophagy (Kanki and Klionsky, 2008). This relationship emerged
due to the synergy of new with old data, resulting in a strong and specific integrated

similarity score between these two genes (Figure 6C). We have provisionally named this



67

term “selective degradation” (Figure 5B vii), as Atg8 and Atg24 are among those genes
necessary for most selective degradation. It remains to be seen what distinguishes these

two genes from other selective autophagy genes.

Atg26 is required for processing of large Apel aggregates in the Cvt pathway

One novel addition in AtgO 2.0 was the expansion of term AtgO:185 from two
genes, Atgll and Atgl9 (Figure 3C i, Figure 6E), to include Atg26 and Atg27 (Figure
5Aii, Figure 6F). Three of these genes (Atgll, Atgl9, Atg27; Yen et al., 2007; Yorimitsu
and Klionsky, 2005) have known roles in the Cytoplasm-to-vacuole targeting pathway (Cvt
pathway), by which aggregates of the aminopeptidase precursor prApel are transported to
the vacuole and processed to mature Apel. AtgO:185 implied involvement of the
remaining gene, Atg26, in transport of prApel aggregates to the vacuole. Previous work,
however, had failed to show a defect in prApel maturation in an atg264 knockout strain
and also found no involvement of Atg26 in any autophagy-related pathway in S. cerevisiae
(Cao and Klionsky, 2007). By contrast, in the yeast Pichia pastoris, the Atg26 ortholog
participates in pexophagy, where it is required for the degradation of large peroxisomes;
hence, its designation as an ‘Atg’ gene (Nazarko et al., 2009; Oku et al., 2003).

Based on these observations, we hypothesized that Atg26 is required for efficient
processing of prApel, especially larger prApel aggregates. In support of this hypothesis,
we observed that Atg26 co-localizes in distinct, overlapping puncta with Atg19, the known
receptor for prApel aggregates (Figure 7A). To test if Atg26 plays a role in processing
large prApel aggregates, we moderately overexpressed prApel from a copper-inducible

promoter to create larger aggregates of prApel (Geng et al., 2008; Suzuki et al., 2013) and
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monitored its processing in wild-type and atg26A strains, as well as atglA as a positive
control for disruption of prApel processing (Cheong et al., 2008). Normal maturation of
prApel to Apel was observed in wild type but not atg1A cells (Figure 7B). Atg26 was not
required when prApel expression was normal (0 uM CuSO0s), but atg26A mutants showed
inefficient prApel processing, especially in cells with larger prApel aggregates (50 uM
CuSOq, Figure 7B). Next, prApel-BFP was expressed in the same system and cells were
visualized by microscopy, revealing many large prApel aggregates in atg26A as compared
to wild type cells (Figure 7C). To quantify large complex formation, >250 cells per strain
were observed at increasing levels of prApel expression; cells with prApel aggregates
were counted and large prApel aggregates >1 um were noted. Even in the absence of
CuSOs4, atg26A cells contained significantly more large prApel aggregates than did wild-
type cells (p = 0.03, Figure 7D); overexpression exacerbated this defect (5 uM CuSOs, p
=0.02; 50 uM CuSOg4, p = 0.0003). Using rapamycin to induce macroautophagy, wild-type
cells successfully processed all large prApel aggregates even when it was greatly
overexpressed (50 UM CuSOs, Figure 7E). In contrast, many aggregates remained in the
atg26A mutant after rapamycin treatment (Figure 7E). Taken together, these data support
a new role for Atg26 in the processing of large prApel aggregates and validate term

Atg0:185, which we hereby name “prApel aggregate processing”.
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Figure 7. Atg26 is a component of the Cvt pathway. (A) Co-localization of dTomato-
Atg26 and GFP-Atg19 observed by fluorescence microscopy. (B) Western blot of prApel
and Apel across genetic backgrounds, with prApel expressed from a copper-inducible
promoter and incubated 16 hours in SD-Cu media plus copper (CuSQO4) followed by
removal from CuSO4 and treatment in rapamycin for indicated times. (C) Fluorescence
micrographs of cells expressing endogenous prApel, prApel-BFP from the endogenous
promoter and prApel from the copper-inducible promoter. Cells incubated 16 hours in SD-
Cu + 50um CuSOq followed by 14 hours in SD-Cu media + rapamycin. (D) Analysis of
cells with constructs as in (C). Fraction of cells with observed prApel aggregates (light
blue) and large prApel aggregates >1uM (red) after 16 hours incubation in SD-Cu media
+ indicated CuSQO4. >250 cells observed for each condition. Asterisk indicates significant
difference from wildtype in same condition by Fisher’s exact test. (E) Same as (D) but pre-
treatment in CuSO4 followed by 14 hours incubation in SD-Cu + rapamycin.
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DISCUSSION

This study provides a prescription for how to progressively elucidate the ontology
of cellular functions underlying any biological process. Studying a new process is
straightforward, requiring only starting knowledge of some of the genes involved and
access to public ‘omics data sets. Other information is provided by the Gene Ontology:
importantly, GO is used only as a general guide for how heterogeneous data should be
combined to build a functional hierarchy and does not require specific coverage of
functions in the process of interest. At all points of the study, virtually any genomic data
can be analyzed since almost any data linked to genes or proteins can inform gene-gene
similarity networks; here, we combined gene and protein interactions, gene expression
data, sequence features, and information about evolutionary conservation. Flexibility is
also provided by the way integration of the various data sets is trained to reconstruct current
knowledge. Here, we used the current state of the S. cerevisiae GO for training, but other
species or knowledge bases could be specified.

Regardless of this training, the current AtgO 2.0 model, assembled entirely from
network data, is larger and has differences in content and structure from the literature-
curated GO autophagy branch. Close inspection reveals that the majority of AtgO terms
not in GO are consistent with known biology (Figure 5) while others represent reasonable
new biological hypotheses (Figure 5, Figure 6C,D,F). Some differences between the
models may arise due to differences in policy between the AI-MAP process and human
curation. For example, AtgO groups core autophagy genes under the single term “core
machinery of autophagy”, whereas GO repetitively annotates each core gene to all general

and selective autophagy pathways including “macroautophagy,” “microautophagy,” and
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“nucleophagy.” Furthermore, GO generally does not have terms grouping paralogous
genes of similar function. By contrast, AtgO treats functionally similar paralogs the same
as any functional gene set and creates a term (e.g., “PDK homolog kinases,” “MARK
homolog kinases,” “ADP ribosylation factors™). Also of interest are GO terms not currently
recapitulated in AtgO (Figure 3D, 6A). Some of these terms may be included in future
AtgO versions as new network data arise.

One compelling result was the identification of a new gene functioning in
autophagy in S. cerevisiae, Atg26. Because AtgO:185 (Figure 5A ii, 6F) grouped Atg26
with other genes involved in prApel aggregate processing (Atgll, Atgl9 and Atg27), we
were compelled to investigate whether it plays a role in prApel transport to the vacuole in
S. cerevisiae analogous to its role in pexophagy in P. pastoris; indeed this was the case
(Figure 7). The commonality between the roles of Atg26 in P. pastoris and S. cerevisiae
is that engulfment of large cargos, whether prApel aggregates or peroxisomes, requires
larger double-membrane vesicles. These larger vesicles, in turn, require increased
membrane delivery to the phagophore assembly site, likely facilitated by Atg26 in addition
to Atgll, Atgl9 and Atg27 (Backues et al., 2015).

An important aspect of Active Interaction Mapping is that heterogeneous new and
existing data are interwoven in the same modeling framework. This enables a
comprehensive assessment of the current support for a biological model (Figure 4A), as
well as what type of information is most needed now (Figure 4B). After data generation,
the value of the new dataset is systematically evaluated in the context of all existing data
(Figures 4E,F). Here, such assessments pointed us to genetic interaction maps, leading us

to generate a new targeted dataset which was more powerful at recovering knowledge about
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autophagy in GO than all previous public datasets combined (Figure 4F). Given that large
genetic interaction networks were already available for Saccharomyces (Bandyopadhyay
etal., 2010; Costanzo et al., 2010; Fiedler et al., 2009), it is perhaps remarkable that further
genetic interaction data turned out to be so useful. While we do not rule out other
possibilities, the significant information gained by including multiple conditions (Figure
4E) argues that condition-specific interaction maps, and especially differential interactions
between conditions, provide a particularly worthwhile bolus of data.

In future many research communities, each focused on a cellular process of interest,
may find it useful to organize around shared hierarchical models as a means for
representing cell biological knowledge, communicating new findings, and designing
targeted datasets. Once a baseline model of a process is created, the value of any new data
can be evaluated by its ability to improve this baseline. As we have demonstrated, such
evaluation can involve a quantitative score which represents the impact of the new
experiments in light of all prior studies. Thus, the value of new interaction mapping efforts
can be rigorously evaluated rather than assumed, and the design of these experiments can
be guided rationally, based on current knowledge and data. This work moves systems
biology towards a future in which most new ‘omics data can contribute to an organized

effort of hierarchical modeling and discovery.
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EXPERIMENTAL PROCEDURES
Public data
Data from YeastNet v3 (Kim et al, 2014) were obtained from

http://www.inetbio.org/yeastnet/, consisting of the following numbers of datasets classified

by type: 50 co-expression, 1 domain co-occurrence, 1 genomic neighbor, 10 genetic
interaction, 12 high-throughput protein-protein interaction, 1 phylogenetic profile and 1
protein network tertiary structure.
Data integration

Input datasets were provided as features to a random forest regression system for
prediction of gene-gene pairwise similarity, trained using pairwise gene similarities in GO
as a bronze standard. The network of predicted similarities we call the ‘data-derived gene
similarity network’ See Supplemental Experimental Procedures.
Selection of autophagy-relevant genes

To focus on the process of autophagy, we selected a ‘seed’ of 20 genes designated
as having core functions common to multiple autophagic processes (Jin and Klionsky,
2013). We identified additional genes based on similarity to this seed set in prior
knowledge (GO) or data (Figure 2B). See Supplemental Experimental Procedures.
Construction of Autophagy Ontology (AtgO) 1.0

We analyzed the data-derived gene similarity network using the Clique Extracted
Ontology (CliXO) algorithm, version 0.3 (http://mhk7.github.io/clixo_0.3/; Kramer et al.,
2014), with parameters a=0.1 and =0.5. We identified significantly aligned terms between
AtgO and GO using a previously described ontology alignment procedure with FDR

threshold of 10% and minimum alignment score of 0.24
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(http://mhk7.github.io/alignOntology/; Dutkowski et al., 2013). Alignment was performed
first against the sub-branch of GO rooted at GO:“autophagy” and then the entire GO,
prepared as in Dutkowski et al., 2013; significant alignments to the autophagy sub-branch
were given first priority.
Genetic interaction mapping

Standard protocols used. Details described in Supplemental Experimental
Procedures.
Construction of Autophagy Ontology (AtgO) 2.0

The data-derived gene similarity network was recalculated incorporating both prior
data and the new genetic interaction screen. The CIliXO algorithm was applied with
previous parameters, and the resulting AtgO 2.0 was aligned to AtgO 1.0 as described
above. Term names in AtgO 2.0 were manually curated by our team, considering the names
of aligned terms in GO, when available, as well as an extensive literature review to find,
where possible, cohesive biological functions to explain the set of genes annotated to each
term.
Biochemical studies of prApel processing and Fluorescence microscopy

Standard protocols used. Details described in Supplemental Experimental
Procedures.
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Supplemental Experimental Procedures
Data integration

We aimed to use the Gene Ontology (GO) as a standard reference for learning to
integrate data in a supervised fashion. Previously, we showed that a weighted network of
gene-gene similarities derived from a gene ontology can be analyzed to reconstruct the full
hierarchy of terms and term relations with near perfect precision and recall (Kramer et al.,
2014). Because the network and the ontology can be interconverted, both contain the same
information. Based on this equivalence, we guided our integration of data using a gene
similarity network derived from GO instead of using GO directly. We derived this network
by calculating the Resnik semantic similarity for each pair of genes (Resnik, 1995).
Semantic similarities are calculated across the Biological Process and Cellular Component

branches of GO, downloaded on 6/2/2015 from www.geneontology.org.

The 76 input datasets were integrated into a single network by using them as
features in a supervised learning of the GO gene similarity network. Learning was
performed using random forest regression (Breiman, 2001) from the Python scikit-learn
package (Pedregosa et al., 2011). Predictions were made “out of bag”, i.e., the similarity
of a gene pair was predicted based on information learned from other gene pairs. In
effect, the random forest learns patterns in the networks which recapitulate information in
GO. Hence, only relations in GO that can be systematically explained from data are
included, any relations not justified by the data are excluded, and new relations not in GO

are added when the network data support them (Fig 2A).


http://www.geneontology.org/
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Selection of autophagy-relevant genes

To focus on the process of autophagy, we selected a ‘seed’ of 20 genes designated
as having core functions common to multiple autophagic processes (Jin and Klionsky,
2013). We identified additional genes based on similarity to this seed set in prior
knowledge (GO) or data (Figure 2B). For each candidate gene, we computed three scores:
(1) average similarity to the seed set in the GO gene similarity network, (2) average
similarity to the seed set in the data-derived gene similarity network, and (3) maximum
similarity to the seed set in the data-derived gene similarity network. Score (1) was
normalized so that the lowest score across genes annotated to the GO:“autophagy” term is
1. Scores (2) and (3) were each normalized so that the lowest score across seed genes is 1.
For each candidate gene, we estimated its relevance to autophagy by taking the maximum
of these three individual scores. Genes for which this maximum is at least 1 were kept for
further analyses.
Genetic interaction screening

Strain construction, plating of mutants, mutant selection, and scoring of genetic
interactions in each condition were performed using a previously defined protocol
(Collins et al., 2006; Schuldiner et al., 2006). Using a replica pinning robot (Singer
Instruments; UK), haploid double mutants representing crosses of 52 autophagy related
query genes and 3007 array mutants were grown on agar plates that were either untreated,
rapamycin treated or nitrogen deficient. Plates were photographed and colony sizes
normalized, spatially corrected and quantified using the Colony Analyzer Toolkit (Bean
et al., 2014). For the three replicates per double mutant, the resulting experimental data

were used to assign a quantitative S-score based on a modified T-test that compares the
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observed double mutant growth rate to that expected assuming no interaction exists,
again using the Colony Analyzer Toolkit. Differential interactions were calculated by
subtracting the S-scores for the same double mutant pair across conditions.
Biochemical studies of prApel processing

Cells were grown for 16 h in SD-Cu media (1x yeast nitrogen base [YNB] without
amino acids and copper, 2% glucose plus any required amino acid, nucleotide, or vitamin
supplement) without exceeding exponential phase (OD600 above 1) and transferred to SD-
Cu medium with 200 nM Rapamycin and the indicated CuSO4 concentration at an ODeoo
of 1. One ml of cells was collected at different times as described in the Figure 7B, TCA
precipitated and analyzed by Western blot probing it with anti-Apel and anti-Actin
antibodies.
Fluorescence microscopy

Microscopy was performed as described for biochemical studies and pictures were
acquired. To quantify prApel aggregates, the fluorescence microscopy parameters such as
exposition time, gain and binning were kept constant. Images were captured on a motorized
fluorescence microscope (Axioskop 2 MOT, Carl Zeiss Microlmaging, Thornwood, NY)
coupled to a monochrome digital camera (AxioCam MRm, Carl Zeiss Microlmaging) and

processed using the AxioVision 4.8.2 software.
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SUMMARY

Accurately translating genotype to phenotype re-
quires accounting for the functional impact of ge-
netic variation at many biological scales. Here,
we present a strategy for genotype-phenotype
reasoning based on existing knowledge of cellular
subsystems. These subsystems and their hierarchi-
cal organization are defined by the Gene Ontology
or a complementary ontology inferred directly from
previously published datasets. Guided by the ontol-
ogy’s hierarchical structure, we organize genotype
data into an “ontotype,” that is, a hierarchy of pertur-
bations representing the effects of genetic variation
at multiple cellular scales. The ontotype is then inter-
preted using logical rules generated by machine
learning to predict phenotype. This approach sub-
stantially outperforms previous non-hierarchical
methods for translating yeast genotype to cell
growth phenotype, and it accurately predicts the
growth outcomes of two new screens of 2,503 dou-
ble gene knockouts affecting DNA repair or nuclear
lumen. Ontotypes also generalize to larger knockout
combinations, setting the stage for interpreting the
complex genetics of disease.

INTRODUCTION

A central problem in genetics is to understand how different var-
iations in DNA sequence, dispersed across a multitude of genes,
can nonetheless elicit similar phenotypes (Waddington, 1942).
In recent years, it has been repeatedly observed that different
genetic drivers of a trait can be recognized by their aggrega-
tion in networks of pairwise protein or gene interactions (Califano
et al., 2012; Greene et al., 2015; Hanahan and Weinberg, 2011;
Kim and Przytycka, 2012; Ramanan et al., 2012; Wang
et al., 2010). Rather than associating genotype with phenotype

directly, variations in genotype are first mapped onto knowledge
of gene networks; affected subnetworks are then statistically
associated with phenotype. This approach can greatly increase
our power to identify relevant associations between geno-
type and phenotype. This principle of “network-based” or
“pathway-based” association (Califano et al., 2012) is now being
applied to effectively map the genetics underlying complex phe-
notypes, including cancer and other common diseases (Hofree
et al., 2013; Lee et al., 2011; Leiserson et al., 2014; Ng et al.,
2012; Pe'er and Hacohen, 2011; Skafidas et al., 2014; Sullivan,
2012; Willsey et al., 2013).

In these studies, network knowledge is represented as a set of
genes and pairwise gene interactions. In reality, however, geno-
type is transmitted to phenotype not only through gene-gene in-
teractions but through a rich hierarchy of biological subsystems
at multiple scales: genotypic variations in nucleotides (1 nm
scale) give rise to functional changes in proteins (1-10 nm),
which in turn affect protein complexes (10-100 nm), cellular pro-
cesses (100 nm), organelles (1 um), and, ultimately, phenotypic
behaviors of cells (1-10 um), tissues (100 um to 100 mm), and
complex organisms (>1 m). What has been less well studied in
genotype-phenotype association is how to leverage our exten-
sive pre-existing knowledge across these scales or how to
identify the scales most relevant to a set of genetic variants
(Deisboeck et al., 2011; Eissing et al., 2011; Walpole et al., 2013).

In many fields, knowledge across scales is modeled by ontol-
ogies: a factorization of prior knowledge about the world into a
hierarchy of increasingly specific concepts (Brachman and Lev-
esque, 2004). For instance, intelligent systems like Apple’s Siri
and IBM’s Watson carry out logical reasoning using a large
collection of world knowledge represented by ontologies (Carvu-
nis and Ideker, 2014). In molecular and cellular biology, extensive
knowledge of the hierarchy of subsystems in a cell has been rep-
resented by the Gene Ontology (GO), a community standard
reference database that documents interrelationships among
thousands of intracellular components, processes, and func-
tions in a large hierarchy of terms (Gene Ontology Consortium,
2015). Thus far, genotype-phenotype association methods
have sometimes used prior knowledge in the GO by flattening
the term hierarchy to a network, in which pairwise interactions
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connect genes annotated with the same GO term (Pesquita
et al., 2009). This flattening, however, may discard important in-
formation about the rich hierarchy of biological systems con-
necting genotype to phenotype. Moreover, a hierarchical model
is highly complementary, and in some ways orthogonal, to flat
networks: the GO is primarily concerned with “deep” connectiv-
ity up and down a hierarchy of cellular processes spanning
dozens of scales, whereas network models typically focus on
horizontal flow of signaling, transcriptional, or metabolic infor-
mation among genes or reactions at the same scale (Lee et al.,
2010, 2011). Another advantage of the GO is that it is continu-
ously improved by a very large community of dozens of curators
and editors, who update GO from new knowledge published in
thousands of peer-reviewed papers each year (Balakrishnan
et al., 2013; Huntley et al., 2014). To complement this process
of manual curation, recently we and others have shown that a
large hierarchy of cellular systems can be systematically assem-
bled directly from analysis of genome-wide datasets, including
molecular interactions and gene expression profiles; we call
this assembly NeXO (Dutkowski et al., 2013; Gligorijevic et al.,
2014; Kramer et al., 2014). This “data-driven” ontology closely
resembles, and in some cases greatly revises and expands,
the literature-curated GO.

Here we report a general approach for using deep hierarchical
knowledge of the cell, represented by an ontology, to translate
genotype to phenotype. This approach recursively aggregates
the effects of genetic variation upward through the hierarchy;
in this way, genetic variants comprising genotype are converted
to effects on the cell subsystems affected by those variants. We
call the set of all such effects an “ontotype,” representing varia-
tion at intermediate scales between nanoscopic changes in
genes and macroscopic changes in phenotype.

Here, we focus on yeast genetic interactions, in which the
deletion of two or more genes results in an unexpectedly slow
or fast cellular growth phenotype. Genetic interactions have pre-
viously been screened systematically using synthetic genetic ar-
rays inyeast (Costanzo et al., 2010); these experiments comprise
~3 million different genetic backgrounds and are among the
largest genotype-phenotype compendia in existence. We inte-
grate these data with the GO to produce a multi-scale computa-
tional model, the functionalized ontology. The model accurately
predicts growth phenotypes of 2,503 previously untested dou-
ble-deletion genotypes, and it is also capable of predicting the
phenotypes that result from larger combinations of gene disrup-
tions. Similar predictive power is achieved by substituting the
GO with NeXO, our data-driven ontology of cellular systems. In
aggregate, this work suggests a strategy for building hierarchical
models of the cell whose structure and function are learned
completely from data.

RESULTS

Association between Genetic Interactions and

Hierarchical Relations among Cellular Systems

As preparation for modeling, we identified patterns by which ge-
netic interactions are associated with, and thus biologically ex-
plained by, the structure of gene ontologies. We observed that
sets of genes assigned to the same GO term tended to be highly
enriched for genetic interactions (p < 10 %), for both positive
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genetic interactions (double gene disruptions with better than
expected growth, e.g., epistasis) and negative genetic interac-
tions (double gene disruptions with worse than expected growth,
e.g., synthetic lethality) (Figure 1A). Such interaction enrichment
within GO terms occurred over a wide range of term sizes—the
number of genes annotated to a term—suggesting that genetic
interactions emerge from both broad and specific cellular mech-
anisms at multiple scales.

Because of the hierarchical structure of the cell, genetic interac-
tions among genes annotated to a term can potentially be re-inter-
preted as interactions between the genes of different terms at a
lower scale in the GO. For example, the “parent” term “microtu-
bule-associated complex” displays strong within-term interaction
enrichment, which factors into strong between-term interaction
enrichment across two of its “children” terms, kinesin and dynac-
tin (Figure 1B). We found that such hierarchical relationships were
widespread in the GO: approximately half of within-term enrich-
ments could be factored into between-term enrichments among
their descendants (Figure 1C). Occurrences of interactions within
or between biological pathways have been previously investi-
gated as separate biological interpretations (Bandyopadhyay
et al., 2008; Bellay et al., 2011; Collins et al., 2010; Kelley and
Ideker, 2005; Leiserson et al., 2011; Ma et al., 2008; Qi et al.,
2008; Ulitsky et al., 2008). Here, both types of explanations
can be applied to the same interaction, as they are related
hierarchically within the unified structure of the cell. Overall,
approximately 40,000 interactions were involved in 1,661 within-
or between-term enrichments, representing a 24:1 compression
of information (Figure 1D). Thus, the GO integrates genetic inter-
actions in an overarching hierarchy capturing multiple scales of
cell biology. As one moves upward in this hierarchy, separate dis-
ruptions to multiple systems converge to multiple disruptions to a
single system, with the scale of this transition indicated naturally
by the hierarchical structure.

The Ontotype: An Intermediate between Genotype and
Phenotype
Guided by this concordance between the GO hierarchy and ge-
netic interactions, we developed a general system for ontology-
based translation of genotype to phenotype that involves three
general steps. First, the genotype is described according to
convention by the set of genes that have been disrupted relative
to wild-type (e.qg., bad4; Figure 2A). These disruptions are prop-
agated recursively up the ontology, such that every term is as-
signed the disrupted genes annotated to that term plus all of
those assigned to its children. For example, because the gene
KIP1 encodes a subunit of the kinesin complex (Figure 1B), its
deletion in a kip14 strain propagates upward in the ontology to
affect the parent term “kinesin complex™ and continues to prop-
agate upward to affect ancestor terms at higher scales such as
“microtubule associated complex” and “cytoskeleton.”
Second, every term is assigned a functional state, represent-
ing the aggregate impact of gene disruptions on the activity of
the component or process that term represents. Although it is
possible to envisage many ways one might compute this func-
tional impact, as proof of principle, we explored a simple and
parameter-free computation, the number of disrupted genes
associated with the term. This general approach is iterated
across all terms; we call the profile of states across all terms
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the “ontotype.” In this way, the ontotype provides a complete
picture of cell function and spans scales between genotype
and phenotype. Whereas genotype describes the states of
genes, and phenotype describes the states of observable traits,
ontotype describes the states of all known biological objects.
Many of these objects exist at scales bigger than genes but
too small to be classically observable by eye, such as protein
complexes and other subcellular structures, or too diffuse,
such as signaling pathways (Figure 2A). In its most general defi-
nition, ontotype encompasses both genotype and phenotype,
with genes and observable traits positioned at lower and higher
levels of the hierarchy of objects encoding life.

A Functionalized Gene Ontology Integrating Cell
Structure and Functional Prediction

Third, once genotypes are transformed to ontotypes, a super-
vised learning approach based on the technique of random for-
ests regression (Breiman, 2001) is used to learn rules by which
term states predict phenotypes. Rules are organized as a collec-
tion, or “forest,” of decision trees (Experimental Procedures),
with a typical decision tree describing a series of logical true-
or-false tests to evaluate the states of several terms (e.g., T4,
T5, and T7 in Figure 2A). Making decisions on the states of terms
rather than nucleotide variants or genes enables machine
learning across a range of scales, so that different genotypes
converging on similar ontotypes (e.g., a4d4 and b4d4 in Fig-
ure 2B) can yield the same phenotype. Decision tree logic was
trained to predict quantitative genetic interaction scores from
~3 million tests for pairwise genetic interactions (Costanzo
et al., 2010) (Experimental Procedures). This hierarchical struc-
ture of the ontology, when coupled to the decision logic
described above, forms a “functionalized” ontology, that is, a
computational cell model that defines both the sub-structures
of the cell and how these sub-structures hierarchically translate
genotype to phenotype.

Separate functionalized ontologies were trained using either
the GO curated from the Saccharomyces literature (Cherry
et al., 2012) (Fgo) or a data-driven ontology assembled from
Saccharomyces datasets using the method of network-extracted
ontologies (Dutkowski et al., 2013; Kramer et al., 2014) (Fnexo)-
Whereas the GO represents knowledge of published cell biology,
application of NeXO yielded an ontology whose hierarchy of
cell systems was learned directly from publicly available data,

Enrichment is normalized as the fold change over expected for randomized
GO annotations.

(B) Genetic interactions are propagated up the GO hierarchy to support
“between-term enrichment” between the dynactin and kinesin complexes
and “within-term enrichment” within the parent “microtubule associated
complex.”

(C) Number of within-term and between-term enrichments highlighted by
current genetic interaction data. Approximately half of within-term enrich-
ments can be factored into one or more between-term enrichments that occur
lower in the GO hierarchy. Percentages are calculated with respect to the total
possible tests for within-term (2,719) and between-term (36,210) enrichments.
(D) Number of genetic interactions involved in a within-term, between-term,
or either type of enrichment. Percentages are calculated with respect to
the total number of genetic interactions (107,1383). The expected numbers of
enrichments (C) and supporting interactions (D) were also calculated over
randomized GO annotations (dark gray bars).
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including protein-protein interactions, gene expression profiles,
and protein sequence properties, but excluding any prior infor-
mation about genetic interactions (datasets taken from the
YeastNet v3 study; Kim et al., 2014). NeXO (4,805 terms) was
tuned so that the resulting ontology was approximately similar
in size to the GO (5,125 terms). Alignment of these two ontologies
revealed 1,614 significantly overlapping terms. Thus, NeXO rep-
resents a distinct hierarchy of cellular systems that provides an
alternative to the hierarchy maintained by GO curators.

Quantitative Assessment of Performance for Genotype-
Phenotype Translation

Fao accurately predicted growth phenotypes across a range of
genetic interaction scores (Figures 3A and 3B). The correlation
between predicted and measured scores was highly significant
(Figure 3C; Pearson’sr=0.35, p< 2.2 x 10~ "% and reduced sub-
stantially when a randomized version of the ontology was used
(r = 0.04); the maximum achievable correlation, as previously
determined by experimental genetic interaction replicates (Bar-
yshnikova et al., 2010), was r = 0.67. Progressively removing
either small or large terms from the model degraded the correla-
tion (Figures 3D and 3E), indicating that all scales in the hierarchy
aid in prediction. Fuexo achieved nearly the same correlation
(Figure 3C; r = 0.32) and was also sensitive to randomization
(r=0.03).

Both functionalized ontologies compared favorably with non-
hierarchical approaches for predicting genetic interactions
(Boucher and Jenna, 2013; Lehner, 2013). We evaluated three
state-of-the-art methods: flux balance analysis (FBA), which
uses a mechanistic model of yeast metabolic pathways to simu-
late the impact of gene deletions on cell growth (Szappanos
et al., 2011); guilt by association (GBA), which predicts the
phenotype of pairwise gene deletions on the basis of the pheno-
types of their network neighbors (Lee et al., 2010); and the multi-
network multi-classifier (MNMC), a “black box” supervised
learning system that uses many different lines of experimental
evidence as features to predict genetic interactions (Pandey
et al., 2010) (Experimental Procedures). In comparison with all
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Figure 2. The Ontotype Method of Trans-
lating Genotype to Phenotype
(A) The relationship between genotypic and
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associations from the ontology in (A). Different
genotypes (e.g., bAdA and aAdA) give rise to
similar or identical phenotypes by influencing
similar or identical combinations of terms.

Growth Phenotype

of these approaches, the functionalized ontologies achieved
substantially greater correlation between predicted and
measured interaction scores (Figure 3C) as well as better
trade-offs in precision versus recall (Figure 3F) in 4-fold cross-
validation. We also assessed prediction performance in a chal-
lenging validation scenario in which the training set of genotypes
does not disrupt any genes in the test set (Park and Marcotte,
2012) (Supplemental Experimental Procedures). In this scenario,
any genotype-phenotype logic that applies to individual genes is
no longer generalizable; for example, promiscuous genes with a
high degree of genetic interactions (Gillis and Pavlidis, 2012;
Mackay, 2014) could be used to explain training data but not
test data. Despite this challenge, Fgo still outperformed predic-
tions made with a randomized GO or with the non-hierarchical
methods (Figure S1).

We found that the accuracy of growth phenotype prediction
depends significantly on the degree to which cellular systems
have been characterized in the GO. Fgo was especially accurate
at modeling genotypes for which the disrupted genes are well
characterized by GO annotations; conversely, it was far less
able to model genotypes for which the genes are poorly charac-
terized (Figure S2). Moreover, many genes that are poorly char-
acterized in the GO are better characterized in NeXO, such that
genotypes involving these genes lead to better phenotypic
predictions by Fnexo than by Fgo (Figures S2A-S2C). These dif-
ferences demonstrate the utility of data-driven ontologies for
translating genotype to phenotype, especially in species that
are lacking in GO curation but have “omics” datasets from which
a gene ontology can nonetheless be built.

Finally, we investigated whether hierarchical features (i.e., the
ontotype) were essential or if equally good predictions could be
made from “flat” features derived from the same ontologies. The
GO was flattened by computing the semantic similarity (Resnik,
1995), which scores every pair of genes by their functional relat-
edness in GO. As a non-hierarchical representation of NeXO, we
directly considered the data on which it had been based: pair-
wise gene-gene similarities derived from different types of exper-
imental evidence in YeastNet. Use of these flat datasets derived
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Figure 3. Genome-wide Prediction of Pairwise Genetic Interactions in Yeast

(A) Measured genetic interaction scores versus those predicted from ontotypes constructed from GO using 4-fold cross-validation. For each bin of predicted
scores, box plots summarize the distribution of measured scores by its median (central horizontal line), interquartile range (box), and an additional 1.5 (whiskers).
(B) Number of gene pairs in each bin of predicted scores.

(C) Method performance, as represented by the correlation of measured versus predicted interaction scores across gene pairs that meet an interaction sig-
nificance criterion of p < 0.05 in Costanzo et al. (2010). Comparison is made with ontotypes constructed from a randomized gene ontology or NeXO and to
previous non-hierarchical methods for predicting genetic interactions. FBA correlation is reported for the set of 104,826 gene pairs considered by this model and
for which gene annotations are available in the GO. The ontotype correlations do not fluctuate greatly (<4%) whether computed over all gene pairs (shown) or the
FBA gene pairs. See also Figures S1 and S2,

(D) Method performance when the ontotype is constructed from only GO terms that are no larger than (triangles) or no smaller than (circles) a size threshold.

(E) The number of GO terms that meet each size threshold criterion.
(F) Precision-recall curves for classification of negative genetic interactions.

from the two ontologies resulted in a substantial degradation in
prediction performance (FLATgo and FLATwexo: Figure 3C),
even though the same random-forests regression procedure
was used as for the functionalized ontologies.

Simulating Growth Phenotypes for “New” Genotypes
Not Yet Observed or Examined

We next used Fgp to simulate growth for all 12,512,503 pair-
wise deletions of non-essential yeast genes, 73% of which

had not yet been tested in the laboratory (Figure 4A; Data
S1). A total of 41,605 genetic interactions were predicted.
These predictions were concentrated within and between
particular terms and term pairs (Figures 4A and 4B), covering
a total of 1,367 unique terms and indicating where in the
ontology the logic of Fgp takes place. For example, Fgo pre-
dicted many genetic interactions within “oxidative phosphory-
lation” (Figure 4C), with negative interactions linking the
sub-systems of electron and proton transport and positive
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Validation and Expansion of the
Functionalized Ontology of DNA
Repair and Nuclear Lumen

Key terms in Fgo were “DNA repair* and
“nuclear lumen,” which featured promi-
nently in the decision tree logic, leading
to a high concentration of predicted in-
teractions (9.0 and 7.6 times the ex-
pected interaction density, respectively)
according to particular patterns of
disruption (Figures 5A and S4). Genetic
perturbations within each term led to
particularly accurate growth phenotypes
in cross-validation, as the correlation
between predicted interactions and
those measured by Costanzo et al.

protein complex

ATP Synthesis
Coupled
Proton Transport

e (2010) was noticeably better for gene
Interactions pairs in DNA repair or nuclear lumen
Measured@Predicted Negative (both r = 0.61) than for gene pairs in

interactions segregating entirely within electron transport.
These distinct patterns of positive and negative segregation
were observed broadly across Fgo (Figure S3). Of particular in-
terest were predicted interactions between 71 term pairs, as
these terms were only distantly related in the GO (Table 1;
Table S1; Supplemental Experimental Procedures). For
example, all ten genes in “intron homing” had negative interac-
tions with all four genes in the “Phosphatidylinositol-3-kinase
complex,” although neither these terms nor their parents
shared any genes, and these terms were in entirely separate
branches of the GO (biological process versus cellular compo-
nent). Thus, Fgo makes predictions guided by, but not rigidly
confined to, known hierarchical relations among cellular sub-
systems. The unexpected connections point to potential new
cellular functions and functional relationships important for
regulating cell growth.

other terms (average r = 0.35; Fig-
ure S2G; Table S2). To test whether this
performance generalized to new data, we experimentally
measured growth phenotypes for 1,218 pairwise deletions of
DNA repair genes and 1,600 pairwise deletions of nuclear lumen
genes and scored these mutants for genetic interactions (Table
S3; Supplemental Experimental Procedures). Of these, 1,345
mutants had also been scored previously by Costanzo et al.
(2010). Surprisingly, we observed that the new measurements
were better predicted by Fgo than by the previous measure-
ments of those same genotypes (i.e., experimental replicates;
Figure 5B). Such improvement suggests that functionalized on-
tologies may be able to reduce experimental noise by learning
the overarching patterns of cellular subsystems that translate
genotype to phenotype.
We next tested Fgo's ability to generalize to unseen mutant
genotypes. For this purpose we constructed a “limited” Fgo,
trained only on those genotypes that had been tested earlier
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Table 1. Top New Functional Relationships in Fgo

Interactions/Total (%)

Term A (Number of Genes) Term B (Number of Genes) Predicted Measured p Value®
Negative intron homing (10) phosphatidylinositol 3-kinase 40/40 (100.0%)  2/2 (100.0%) 6.74E-96
Interactions complex Il (4)
negative regulation of chromatin silencing protein import into mitochondrial inner 24/24 (100.0%) 14/14 (100.0%) 3.56E-55
at silent mating-type cassette (8) membrane (3)
pre-mRNA binding (5) RNA pol Il transcription coactivator activity 15/15 (100.0%)  2/2 (100.0%) 2.86E-32
in preinitiation complex assembly (3)
protein lipoylation (4) carbon-oxygen lyase activity, acting on 12/12 (100.0%)  9/9 (100.0%) 1.23E-24
phosphates (3)
Swr1 complex (8) UB snRNP (3) 22/24 (91.7%) 6/6 (100.0%) 1.20E-47
alpha-1,6-mannosyltransferase negative regulation of chromatin silencing 21/24 (87.5%) 1/4 (25.0%) 3.08E-44
complex (6) involved in replicative cell aging (4)
tubulin complex assembly (5) maintenance of DNA trinucleotide 13/15 (86.7%) 12/12 (100.0%) 3.67E-25
repeats (3)
inositol phosphate biosynthetic minus-end-directed microtubule motor 12/15 (80.0%) 5/6 (83.3%) 5.56E-22
process (5) activity (3)
regulation of ARF GTPase activity (6) phosphatidylinositol-3,5-bisphosphate 19/24 (79.2%) 2/4 (50.0%) 7.92E-38
5-phosphatase activity (4)
positive regulation of RNA elongation HIR complex (4) 14/20 (70.0%)  8/10(80.0%) 3.82E-25
from Pol | promoter (5)
Positive negative regulation of chromatin silencing U6 snRNP (3) 19/24 (79.2%) 10/11 (90.9%) 7.92E-38
Interactions at silent mating-type cassette (8)
tubulin complex assembly (5) DNA-directed RNA polymerase | 15/20 (75.0%) 8/8 (100.0%) 4.37E-28
complex (4)
RSC complex (8) inactivation of MAPK activity (4) 19/32 (59.4%) 3/4 (75.0%) 6.33E-34
vacuolar proton-transporting V-type free ubiquitin chain polymerization (3) 14/24 (58.3%)  7/14 (50.0%) 1.91E-23
ATPase, V1 domain (8)
alpha-1,6-mannosyltransferase dynactin complex (5) 16/30 (53.3%)  8/12 (66.7%) 1.14E-26
complex (6)
vacuolar proton-transporting V-type AP-3 adaptor complex (4) 13/28 (46.4%) 7/16 (43.8%) 1.26E-19
ATPase, VO domain (7)
SLIK (SAGA-like) complex (14) positive regulation of stress-activated 14/42 (33.3%) 12/21 (57.1%) 4.92E-19
MAPK cascade (3)
histone exchange (9) minus-end-directed microtubule motor 9/27 (33.3%) 7/22 (31.8%) 2.38E-10
activity (3)
histone methyltransferase activity snoRNA transcription from an RNA 7/21 (33.3%) 4/6 (66.7%) 7.33E-07
(H3-K4 specific) (7) polymerase Il promoter (3)
glycerol transport (4) transcription-coupled nucleotide-excision  5/16 (31.3%) 1/4 (25.0%) 3.42E-03

repair (4)

See also Table S1.

ACalculated with respect to predicted interactions. Bonferroni corrected for family wise error rate.

(Costanzo et al., 2010) but not by our new screens. This limited
Fao achieved high sensitivity versus specificity (Figure 5C) and
precision versus recall (Figure 5D) in predicting the new interac-
tions measured for DNA repair and nuclear lumen genes. Given
this validation, we combined the genetic interaction scores
from both new screens with previous data (Costanzo et al.,
2010) and re-trained the ontotype decision logic on this more
complete dataset. The structure of this improved Fgo, with the
accompanying ontotype-phenotype logic, is available online on
the Network Data Exchange (http://goo.gl/cYIXWJ; UUID:
01b46d52-c3a5-11e5-8fbc-06603eb7f303; Pratt et al., 2015)
and as a Cytoscape file in Data S2.

Toward More Complex Genotypes

Although the ontotype had been trained using double-deletion
genotypes, we hypothesized that once trained, it might be
capable of predictions for genotypes involving mutations to
larger numbers of genes. Although few studies have examined
three-way or higher order genetic interactions, a recent study
(Haber et al., 2013) showed proof of principle for a three-way
gene deletion methodology, representing one of the few sys-
tematic screens for triple mutants to date. This work reported
that deletion of CAC17 in combination with any gene in the HIR
complex (HIR1, HIR2, HIR3, and HPC2) results in a synthetic
growth defect (negative genetic interaction); however, the
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Figure 5. Elucidating the Genetic Logic of DNA Repair and the
Nuclear Lumen

(A) DNA repair has a rich structure of predicted genetic interactions among
specific repair processes. Coloring and visual style of panels follow the
convention of Figure 4. See also Figure S4.

(B-D) Yeast growth was experimentally measured for double gene deletion
strains in which both genes are involved in either DNA repair (green) or nuclear
lumen (orange). See also Tables S2 and S3. (B) The new measurements are
correlated with previous data by Costanzo et al. (2010) as well as predictions of
a Fgp trained with all previous data or predictions of a “limited” Fgo trained
with all previous data excluding genotypes tested in the new screen. In all
cases, correlation is computed among the genotypes tested by both the new
screen and Costanzo et al. (2010). Among all genotypes in the new screen, we
calculated receiver-operating (C) and precision-recall curves (D) for predicting
negative genetic interactions in DNA repair and the nuclear lumen using the
limited Fgo. The corresponding curves across all gene pairs in the previous
screen are reproduced for comparison (gray; see Figure 3F).
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additional deletion of a third gene, ASF1, suppresses this
phenotype. Consistent with these findings, Fgo predicted both
the synthetic sickness of the double mutants and phenotypic
suppression by the triple mutant (Figure 6A). Visual inspection
of the model (Figure 6B) implicated decision logic on the basis
of the functional activities of two related processes, DNA repli-
cation-independent nucleosome assembly and nucleosome or-
ganization. Deleting a single gene in DNA replication-indepen-
dent nucleosome assembly leads to a state in which the
deletion of another gene functioning elsewhere in nucleosome
organization causes synthetic sickness. In contrast, the triple
mutants include deletion of two genes in DNA replication-
independent nucleosome assembly (asf7 4HIRA), leading to a
neutral phenotype. This effect probably occurs because the
double mutant impairs growth to such an extent that additional
perturbations have no detectable effect. Indeed, whereas CAC1
is primarily involved in regulating DNA replication, ASF1 and the
HIR complex have been linked to other chromatin-related pro-
cesses, including transcriptional elongation (Formosa et al.,
2002; Schwabish and Struhl, 2006) and mRNA export (Pam-
blanco et al., 2014). This triple-mutant case study illustrates
the complexity of logic in interpreting genetic interactions,
underscoring the utility of a knowledge representation and
reasoning system for unraveling such combinatorial genetic
effects.

DISCUSSION

Many years of work by the Gene Ontology Consortium have es-
tablished an extensive description of cell structure spanning
a hierarchy of biological scales. Here, we have shown that the
ontology structure can also be used functionally for interpreta-
tion of genetic variants to make phenotypic predictions. The abil-
ity to systematically map and then integrate these two aspects,
structure and function, outlines a general strategy for develop-
ment of computational cell models. First, a knowledge base of
the cell’s hierarchical structure is acquired, either through litera-
ture curation (GO) or data-driven methods (NeXO). In a second
step, mathematical relations are learned by algorithms that
translate how the functional states of these subsystems—the
ontotype—give rise to a phenotype of interest. Thus, cell struc-
ture is determined from physical information derived from litera-
ture or systematic data, and cell function is learned from genetic
data such as synthetic lethal interactions and genome-wide as-
sociation studies.

Functionalized ontologies substantially outperformed previ-
ous phenotypic predictors (Figures 3C and 3F), a notable finding
given the simplicity of the ontotype and its use as the sole
feature set for learning. We believe this success follows
from several key aspects of implementation. First and most
important, the utility of hierarchical organization in genotype-
phenotype translation cannot be overstated. Indeed, the func-
tionalized ontologies also outperformed predictors based on
non-hierarchical versions of the same information (Figure 3C)
or truncated versions of the ontology (Figures 3D and 3E).
From the perspective of the ontology, all mutations or variants
in a genotype coalesce to the same cellular module, provided
one looks at a high enough level (Figure 1B). A genotype may
include some mutations that map to the same gene, others to
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Figure 6. Prediction of Triple Mutants
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the same protein complex, still others to the same broad pro-
cess or organelle, with all mutations falling within the highest
scale represented by the cell itself. Propagating mutations up-
ward through terms of increasing scale enables subsequent se-
lection of the “right” scale for accurate prediction. In this regard,
Fso sheds light on previous, partially discrepant, studies of ge-
netic interaction networks. Some analyses have found that
negative genetic interactions tend to connect between comple-
mentary modules, whereas positive interactions tend to occur
within a single module (Bandyopadhyay et al., 2008; Collins
et al.,, 2010; Kelley and Ideker, 2005; Leiserson et al., 2011;
Ma et al., 2008; Qi et al., 2008; Ulitsky et al., 2008); a more
recent report identified dense patterns of both positive and
negative interactions between modules (Bellay et al.,, 2011).
Analysis of Fgo suggests that both interpretations can be cor-
rect, depending on the scale of the module(s) within the cellular
hierarchy.

The second factor in the success of functionalized ontologies
is the sustained efforts of biologists at large. The GO is a rich
resource of cellular knowledge that is both broad, in its extensive
coverage of cell biology, and deep, in its resolution of cell sub-
systems across many different scales. Although not perfect,
this knowledge is continuously refined, updated, and expanded
by the sustained efforts of a global community. Given the stag-
gering complexity of the cell, such a collaborative approach
incorporating diverse expertise and tools may be instrumental
in establishing robust and complete prior knowledge for compu-
tational cell modeling. Previously, cellular modeling efforts have
typically involved independent curation within a single laboratory
or institute.

A last factor that may have worked in our favor is the fact that
functionalized ontologies balance rigid modeling constraints
imposed by prior knowledge with flexible statistical learning
guided by experiments. Computing the ontotype requires no pa-
rameters and instead leverages the topology of the ontology.
Logical rules for predicting phenotype are based on the onto-
type, but their functional form (i.e., which terms are used and
how their states are combined) is learned from data. In contrast,
many previous efforts in mechanistic modeling (e.g., see Cahan
et al., 2014; Carrera et al., 2014; Deutscher et al., 2006; Karr
et al., 2012; Lerman et al., 2012; Machado et al., 2011; O’Brien
et al.,, 2013; Orth et al., 2010; Segre et al., 2005; Szappanos
etal., 2011; Szczurek et al., 2009; Takahashi et al., 2003; Tomita
etal., 1999) have been driven by low-level prior knowledge in the
form of biophysical equations. Although naturally conferring a

scores (g).

mechanistic explanation when correct, these equations have a
known challenge that they are often of preset form and have sen-
sitive parameters (Apgar et al., 2010; Ashyraliyev et al., 2009; Gu-
tenkunst et al., 2007), such that achieving accurate predictions
within one dataset risks overfitting.

Extending Functional Ontologies beyond Current Limits
Fco based its predictions principally on 1,367 terms, spread
across various biological processes, cellular components,
and molecular functions (Figure 4A). Although this coverage
of cell biology is substantial (27% of the yeast GO), one might
wonder whether it should be more complete. First, some term
logic is likely missed because those terms are not frequently
disrupted in the current set of genotypes. For example, genes
annotated to 783 GO terms were never disrupted in any geno-
type tested (Costanzo et al., 2010). Second, some biological
processes are likely not required for the phenotype tested—
growth of cells in rich media—but instead may drive a wide va-
riety of other phenotypes (Dowell et al., 2010; Hillenmeyer
et al., 2008; Ideker and Krogan, 2012; Lee et al., 2014). Third,
important processes or components may not yet have been
curated in the GO, and some existing terms might have errors
in gene annotations or relations to other terms. Such false-
positive and false-negative information could obscure a term’s
utility in prediction. We expect that testing additional geno-
types, phenotypes, and environmental conditions will increase
the functional coverage of terms and enhance Fgo with new
and more robust logic.

Complex traits arise from a landscape of genetic variants and
mutations, in which it is often challenging to interpret the effects
of individual genes because of many multi-gene interactions
(Kim and Przytycka, 2012; Zuk et al., 2012). Toward meeting
this challenge, we have shown that gene ontologies can be
transformed into multi-scale models capable of general geno-
type-phenotype reasoning. Although based on simple rules of
propagation, the model substantially outperforms previous
methods for predicting cellular growth phenotypes, whether
based on mechanistic modeling of pathways or “black-box” ma-
chine learning methods. It also generalizes in ways that previous
predictors are incapable of doing, including the ability to analyze
genotypes of arbitrary complexity. These advances are important
steps toward building intelligent systems that can one day inter-
pret the complex genetics underlying human health and disease.

In moving forward, special consideration should be given to
the mathematical functions that govern each term state. Here,



we found success with a surprisingly straightforward and param-
eter-free function that counts the disrupted genes assigned to a
term and its sub-terms. More generally, this function might be
tailored to each term according to specific knowledge about
the inner workings of that cellular component or process.
Defining the mathematical relationships between genes within
a cellular process has been the focus of “bottom-up” systems
biology (Bruggeman and Westerhoff, 2007; Chen et al., 2010).
In contrast, defining the broad organization of genes into cellular
processes has been the domain of “top-down” systems biology.
With its hierarchy of terms and functions spanning many different
biological scales, a functionalized ontology may offer a means to
bridge this long-standing divide.

EXPERIMENTAL PROCEDURES

Genetic Interaction Data

Experimental genetic interaction scores for >6 million double mutants in yeast,
measured using synthetic genetic arrays (SGAs) (Costanzo et al., 2010) (1,711
queries x 3,885 arrays), were downloaded from http://drygin.ccbr.utoronto.
ca/~costanzo2009/. Double gene deletion mutants affecting DNA repair and
the nuclear lumen were generated on solid agar media using SGA technology
as previously described (Collins et al., 2010; Tong and Boone, 2006). See also
Supplemental Experimental Procedures.

Preparation of Ontologies

We used all three branches of the GO (biological process, cellular component,
and molecular function) by joining them under an artificial root. We removed
annotations with the evidence code “inferred by genetic interaction” (IGI) to
avoid potential circularity in predicting genetic interactions. We also removed
terms that were not annotated with any yeast genes or were redundant with
respect to their children terms to construct a gene ontology relevant to yeast
(Table S4), following a previously described procedure (Dutkowski et al.,
2013; http://mhk7.github.io/alignOntology/).

To construct NeXO (Table S5), we integrated the YeastNet v3 networks (Kim
et al., 2014), spanning 68 experimental studies across eight data types
excluding genetic interactions, into a single network, and then applied the
method of Clique Extracted Ontology (Kramer et al., 2014; http://mhk7.github.
io/clixo_0.3/). Code for constructing ontotypes is available at hitps://github.
com/michaelkyu/ontotype. See also Supplemental Experimental Procedures.

Random Forests Regression

Random forests (Breiman, 2001) were used to regress genetic interaction
SCOres g5, as described in Results. Because of the very large size of the onto-
type feature matrix, we optimized the random forests library from the Python
scikit-learn package (Pedregosa et al., 2011); the modified code is available
at https://github.com/michaelkyu/scikit-learn-fasterRF. Although trees grown
at approximately 29% (GO) or 37% (NeXO) of the maximal depth did improve
performance slightly (<0.02 gain in correlation; Figure S5), we chose to grow
trees to maximal depth because it is unclear how significant this gain is and
whether it would reproducible in different random partitions of the data for
cross-validation or in different genotype-phenotype datasets. See also Sup-
plemental Experimental Procedures.

Comparison of Methods for Predicting Genetic Interactions

We updated the MNMC method because the original implementation (Pandey
et al., 2010) was trained on a set of literature-curated synthetic lethal interac-
tions that was much smaller in size than the set of genetic interactions consid-
ered in our study, and because the set of features used by the method to score
each gene pair had been updated since the 2010 publication. To train MNMC,
we calculated five base features that were identified in the original MNMC as
among the most informative for predicting synthetic lethality of a gene pair.
This updated MNMC outperformed the original MNMC (Figure S6); this perfor-
mance difference may have been due to calculating more recent versions of
the base features. See also Supplemental Experimental Procedures.
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Supplemental Figures and Legends

Figure S1. Prediction of pairwise genetic interactions under a stringent cross-validation setup, related to
Figure 3. Gene pairs were partitioned such that genes represented in the training set are absent in the corresponding
test set (Supplemental Experimental Procedures). Correlation was calculated across gene pairs that meet an
interaction significance criterion of p<0.05 in Costanzo et al.
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Figure S2. Fuller characterization of genes in an ontology increases prediction accuracy, related to Figure 3.
The extent of characterization of a gene in a gene ontology was measured by its Annotation Information Content
(AnnIC, Supplemental Experimental Procedures). (A) Distribution of AnnIC in GO and NeXO across the set of
genes annotated to both. (B) Distribution of differences between AnnlCs computed in NeXO versus GO. (C,E)
Prediction performance across gene pairs where the GO AnnIC of at least one of the genes is at most a maximum level
(C) or where the GO AnnICs of both genes are at least a minimum level (E). (D,F) The number of gene pairs evaluated
in (C) and (E). (G) Scatterplot of GO terms, comparing the mean AnnlC of genes within the term (x-axis) to the ability
to predict within-term genetic interactions (y-axis). Prediction performance is assessed by the correlation between
measured and predicted genetic interaction scores across gene pairs that met the interaction significance criterion of
p<0.05 in Costanzo et al. Black line indicates the relationship y=0.0086x+0.000091, fit by a linear regression (+=0.39)
where each term is weighted by the number of evaluated gene pairs in the term (area of circles in scatterplot). Only
terms with at least 25 and at most 10° evaluated gene pairs are shown. The terms “DNA repair” and “nuclear lumen”,
explored further in the paper, are indicated.
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Figure S3: Segregation of positive and negative interactions across Fco, related to Figure 4. For every term
enriched for within-term genetic interactions, we calculate the fraction of positive versus negative interactions that
continue to fall within one of its children. The distribution of this fraction is shown for all such terms, separately for
positive (blue) and negative (red) interactions. Positive interactions falling within a term tend to remain within-term
at lower hierarchical levels, whereas negative interactions are more likely to split their genes between two children.
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Figure S4: Genetic logic of the nuclear lumen, related to Figure 5. The nuclear lumen contains a rich hierarchy of
cellular spaces, sub-components, and protein complexes interwoven by genetic interactions. Coloring and visual style
of panels follow the convention of previous figures.
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Figure S5: Prediction performance versus the depth of decision trees, related to Experimental Procedures.
Decision trees in Feo and Fnexo were pruned to progressively shorter depths and evaluated across one of the cross-
validation folds used in Figure 3C.
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Figure S6: Prediction of synthetic lethal interactions curated in the Saccharomyces Genome Database, related
to Experimental Procedures. 9,963 synthetic lethal and 124,312 non-synthetic lethal relations, as used in the original
MNMC study (Pandey et al., 2010), were taken from the May 2008 version of the Saccharomyces Genome Database
(SGD). Predictions were made in 10-fold cross validation using Fgo, the original MNMC, and a MNMC-like method
we constructed based on updates to the original features with alternative classification techniques. (A) Receiver-
operating and (B) Precision-recall curves. Performance of all approaches was far better on this 2008 SGD dataset than
on the 2010 Costanzo et al. dataset explored in our main study (Figure 3C,F).
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Supplemental Tables

Table S1: All 71 new functional relationships found in Fco, related to Table 1.

Table S2: Prediction performance and gene characterization within GO terms, related to Figure 5.

Table S3: New genetic interaction scores for double mutants in DNA repair and the nuclear lumen, related to

Figure 5.

Table S4: Gene Ontology structure and gene annotations, related to Experimental Procedures.

Table S5: NeXO structure and gene annotations, related to Experimental Procedures.

Supplemental Files

File S1: Genetic interaction scores predicted by Fco for all pairs of non-essential genes, related to Figure 4.

File S2: Visualization of Fco in Cytoscape format, related to Figure 4 and 5.
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Supplemental Experimental Procedures

Previous genetic interaction data

Experimental genetic interaction scores for >6 million double mutants in yeast, measured using synthetic genetic
arrays (Costanzo et al, 2010) (SGA, 1,711 queries = 3,885 arrays), were downloaded from
http://drygin.ccbr.utoronto.ca/~costanzo2009/. We used only measurements where each gene is nonessential (any
gene not listed as essential in the Saccharomyces Genome Deletion Project, http:/www-
sequence.stanford.edu/group/veast deletion project/Essential ORFs.txt) and is mutated as a deletion allele,
excluding temperature-sensitive and DAmP alleles. Reciprocal tests for the same gene pair, i.e., query A = array B
versus query B x array A for two different genes A and B, were merged as previously described (Costanzo et al.,
2010). Analysis of these data is based on the principle that the vast majority of strains follow a multiplicative null
model in which fus=f.f5, Where f,; is the measured growth of the double knockout and £, and £, are the corresponding
single knockout measurements. The genetic interaction score is represented by the deviation ¢, fop—fof» from the null
model and assigned a p-value of significance p,» using experimental replicates. Following the guidelines of the original
data publication (Costanzo et al., 2010), we thresholded ¢.» and pas to categorize gene pairs as “negative” or “synthetic
sick” interactions (e,»<-0.08 at p»<0.05), “positive” or “epistatic” interactions (¢.»>0.08 at p,»<0.03), or no significant
interaction. For further analysis, we selected measurements for 3,331,172 pairs (69,639 negative and 37,494 positive
across 3,686 unique genes) where both genes are annotated to a non-root term in GO, or 3,463,034 pairs (70,353
negative and 37,924 positive across 3,586 unique genes) where both genes are annotated in NeXO.

New genetic interaction mapping of DNA repair and the nuclear lumen
Double gene deletion mutants were generated on solid agar media using SGA technology as previously described
(Collins et al., 2010; Tong and Boone, 2006). Briefly, double mutants were allowed to grow for 48 hours at 30°C and
imaged using a Canon CCD camera. Colony sizes were quantified using the HT Colony Grid Analyzer (v. 1.1.7), after
which genetic interaction scores (S-scores, Supplemental Table S3) were computed using the E-MAP toolbox (v.
2.0) (Collins et al., 2006). 55 genes in DNA repair and 81 genes in the nuclear lumen, of which 29 genes are in both
terms, were knocked out among the 2,503 measured double mutants. For 315 double mutants, both genes were
annotated to both terms. Negative interactions were called with an S-score threshold of —3.70 for gene pairs in DNA
repair or —2.47 for gene pairs in the nuclear lumen. These thresholds were determined such that, for gene pairs tested
both by these new screens and previously by Costanzo et al., the fraction of negative interactions based on the S-scores
was the same as the fraction based on previous measurements (9.0% for DNA repair and 7.5% for the nuclear lumen).
Interactions were deposited in the BioGRID database (Stark et al., 2006) and can also be accessed on NDEx
(http://go0.gl/1yyxJT, UUID: 1515bf44-c398-11e5-8fbc-06603eb7f303, Pratt et al., 2015)

We combined all S-scores with the previous ¢-scores by Costanzo et al. and retrained Fgo (Supplemental
File 82). In this more complete dataset, we multiplied the S-scores that are <0 (or >0) by a factor of 0.02726 (or
0.04251) so that they would be on the same scale as the previous e-scores. In particular, for the 1,345 gene pairs with
both types of scores, the fraction of pairs with a rescaled S-score of <-0.08 (or >0.08) was the same as the fraction of
negative (or positive) interactions based on the previous e-scores. For these gene pairs, each type of score was listed
as a separate data point for training Feo.

Preparation of the Gene Ontology

The GO structure (OBO) and gene-to-term annotation (GOA) files were downloaded on December 19, 2011
(www.geneontology.org). Annotations with the evidence code “inferred by genetic interaction” (IGI) were removed
to avoid potential circularity in predicting genetic interactions. The remaining annotations were propagated up the GO
hierarchy in a transitive manner, i.e., if a gene is annotated to a term, then we also annotate the gene to all ancestral
terms. We removed terms that were not annotated with any yeast genes or were redundant with respect to their children
terms to construct a GO relevant to yeast, following a previously described procedure (Dutkowski et al., 2013,
http://mhk7.github.io/alignOntology/). In total, 5,124 terms were drawn from all three branches of the Gene
Ontology—Cellular Component (707), Biological Process (2,598), and Molecular Function (1,819). Of these, we
retained 4,341 terms that were annotated to at least one gene in the genetic interaction data (Costanzo et al., 2010).
The three branches were joined under an artificial root term to create a single unified ontology.

It is possible that some annotations were derived from genetic interaction information but were not labeled
with the IGI code. Such mislabeling is a curation oversight, and identifying the problematic annotations would likely
require a large-scale curation effort similar to that invested into constructing GO. However, while such mislabeled
annotations might enable Fco to make circular predictions, they would also enable circularity in FLAT Go, in which
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the pairwise gene similarities would also reflect the hidden genetic interaction information. The substantially worse
performance of FLAT o versus Feo (Figure 3C,F) suggests that the degree of circularity is minimal.

Construction of NeXO: a data-driven ontology assembled from flat gene networks

Our aim was to systematically assemble NeXO from many diverse genome-sized datasets while, at the same time,
guiding this assembly based on prior knowledge of a hierarchy of cell systems defined in GO. As input datasets, we
used the YeastNet v3 networks (Kim et al., 2014), spanning 68 experimental studies across 8 data types excluding
genetic interactions. We integrated these networks together by using them as features in a supervised learning of GO
semantic similarity (Resnik, 1995) (random forests regression). Predictions were made “out of bag”, i.e., the similarity
of a gene pair was predicted based on information learned from other gene pairs. In effect, the random forest learns
patterns in the networks which recapitulate information in GO. Hence, only relations in GO that can be systematically
explained from data are included, any relations not justified by the data are excluded, and new relations not in GO are
added when the network data support them. Next, we applied the method of Clique Extracted Ontology (CliXO)
(Kramer et al., 2014, http://mhk7.github.io/clixo_0.3/), with parameters ¢=0.04 and f=0.5, on this network. CliXO
recursively identifies densely-related groups of genes and hierarchically nests them to form NeXO. We identified the
significantly aligned terms between NeXO and GO using a previously described ontology alignment procedure
(Dutkowski et al., 2013, http://mhk7. github.io/alignOntology/).

Randomization of ontologies

We constructed randomized ontologies by shuffling the names of genes, while preserving gene-to-term annotations
and parent-child term relations. In particular, let {7} refer to the set of terms annotated with gene (. If the names of
genes A and B are swapped, then gene B becomes annotated to {7} and gene 4 becomes annotated to {73}. This
randomization procedure preserves global degree properties of the ontology, 1.e., the number of genes, gene pairs, or
any k-tuple of genes that span a single term. a pair of terms, or any A-tuple of terms. A total of 10°, 10°, and 3
randomized ontologies were used in Figure 1A, Figure 1C.D, and Figure 3C, respectively. For these figures, the
original mapping of genotypes to phenotypes was used.

Random forests regression
Random forests (Breiman, 2001) from the Python scikit-learn package (Pedregosa et al., 2011) (development version

0.15) were used to regress genetic interaction scores ¢, as described in the Results. Due to the very large size of the
ontotype feature matrix, e.g., 3,331,172 genotypes (rows) by 4,341 terms (columns) for GO, training a random forest
on the ontotype required an immense amount of computation. To address this challenge, we optimized the scikit-learn
source code for both memory consumption and runtime performance, as follows. First, the feature matrix was
represented with 8-bit integers instead of the default, 32-bit floating points, such that it consumed ~14GB instead of
58GB of memory. Second, the matrix was stored in Fortran-style order, i.e., columns instead of rows were stored
contiguously in memory. Since individual columns are accessed one at a time during training, this ordering improved
memory cache hits and resulted in approximately a 1.5-fold decrease in runtime. Third, redundant arithmetic that was
being recomputed to find optimal decision splits was eliminated, resulting in a nearly 5-fold decrease in runtime.
Together, these optimizations allowed a decision tree in the random forest to be trained in approximately 2 instead of
12 CPU hours. The modified code is available on GitHub (https:/github.com/michaelkyu/scikit-learn-fasterRF).
Following similar thresholds for the measured interaction scores, we categorized gene pairs as being predicted to have
a ‘negative’ interaction (predicted e,< -0.08), a ‘positive” interaction (predicted €.> 0.08), or no interaction.

Each random forest consisted of 300 trees, where every tree was learned over a bootstrap sample of gene
pairs. At every decision split in a tree, one-third of all unused features were considered for the optimal split, defined
by the minimum squared error. Trees were grown to maximal depth, following the default behavior of popular random
forests libraries (Liaw and Wiener, 2002; Pedregosa et al., 2011) and the original random forests study (Breiman,
2001). We tested whether pruning these trees to a shorter depth would improve performance. While trees at
approximately 29% (GO) or 37% (NeXO) of the maximal depth did improve performance slightly (<0.02 gain in
correlation, Supplemental Figure S5), we chose to keep the trees at maximal depth because it is unclear how
significant this gain is and whether it would be reproducible in different random partitions of the data for cross
validation or in different genotype-phenotype datasets.

We used Fgo to predict genetic interactions across all pairwise deletions of 5,003 genes that are nonessential
and annotated to at least one non-root term in any of the GO branches (Supplemental File S1). Performance of these
predictions was assessed against the measurements selected from Costanzo et al. using the technique of four-fold
cross-validation, resulting in 17,807 negative and 3,246 positive predicted interactions. For the remaining pairs,
predictions from the four forests across the cross-validation folds were averaged, resulting in an additional 17,888
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negative and 2,666 positive predicted interactions. This averaging was also used to predict scores for the retested
mutants using the Fso with complete training in Figure 5B and for the triple knockouts involving genes in the HIRA
complex.

Comparison of methods for predicting genetic interactions

We updated the MNMC method because the original implementation (Pandey et al., 2010) was trained on a set of
literature-curated synthetic lethal interactions that was much smaller in size than the set of genetic interactions
considered in our study, and because the set of features used by the method to score each gene pair had been updated
since the 2010 publication. To train MNMC, we calculated five base features that, according to the original study, are
among the most informative for predicting synthetic lethality of a gene pair. Three of these features corresponded to
the semantic similarities of the gene pair in each branch of GO. Following the procedure in the original study, Tao
semantic similarities (Tao et al., 2007) were calculated using an unprocessed GO structure and annotations
(downloaded on Aug 5, 2012) instead of the processed GO for constructing ontotypes. A fourth feature was the binary
co-membership of a gene pair in a protein-protein interaction (PPI) community. Twenty-six communities were
identified using the network of curated protein-protein interactions in the BioGRID database (Stark et al., 2006)
v3.1.91 and running the ‘Graph.community multilevel(return_levels=False)” method from the Python igraph library
v0.6 (Nepusz, 2006). A fifth feature was the number of KEGG pathways (Kanehisa et al., 2014) shared by each gene
pair. Annotations of genes to S. cerevisiae pathways in KEGG were retrieved on March 16, 2015 using the KEGG
REST API (kegg.jp/kegg/rest). Lastly, these five base features were combined in pairs to create (5 choose 2) = 10
additional ‘overlay’ features as previously described in the original MNMC method. We trained a random forest using
all 15 base and overlay features to classify the synthetic lethals evaluated in the original MNMC study. This updated
MNMC outperformed the original MNMC (Supplemental Figure S6); this performance difference may have been
due to calculating more recent versions of the base features. For Figure 3C,F, we trained a separate MNMC on the
genetic interactions measurements by Costanzo et al.

We adapted a previous GBA method for predicting genetic interactions (Lee et al., 2010) and applied it on
the data similarity network used to construct NeXO. Whereas the original GBA method considered binary genetic
interactions and the network neighbors of only one gene in a gene pair, we consider continuous-valued genetic
interactions and the neighbors of both genes. Let S(w,5) be the edge weight between genes ¢ and 4 in the data similarity
network. The GBA score between a and 4 is defined as

GBA(a,b) = /GBA(a)GBA(b)

GBA(x) = z S(x,y) *€y,y

YEN(x)

where N(x) is the set of neighbors of gene x and ¢, is the measured genetic interaction. Conceptually, GBA(x) is the
contribution of x’s neighborhood, and GBA(a,b) is the geometric mean of the contributions of both a’s and A’s
neighborhoods. We found that taking the geometric mean more accurately predicts genetic interactions than the
arithmetic mean does. Using the data similarity network (Pearson’s » = 0.13; Figure 3C) resulted in approximately
similar performance as using the YeastNet v3 integrated network (= 0.14).

The same random forest framework as the functionalized ontologies and MNMC was applied to train
FLATnexo, using the 68 input networks to NeXO as features, and FLAT o, using the Resnik semantic similarity
(Resnik, 1995) between gene pairs in GO as the sole feature. In Figure 3C,E, Fio, Frandom o, FLATGo, and MNMC
were trained over the same cross-validation partitioning of 3,331,172 gene pairs. Similarly, Fuexo, Frandom Nexo,
FLATwexo0, and GBA were trained over the same cross-validation of 3,463,034 pairs.

To generate the strict cross-validation setup in Supplemental Figure S1, the set of 3,686 genes in the
processed GO were partitioned into 8 approximately equal-sized subsets (7,,(7>...,(5s. For every pair of subsets (7; and
Gy, the set of all gene pairs where neither gene is in G; U G; forms a training set, and the set of all gene pairs where
both genes are in (7; U (; forms the corresponding test set. This partitioning scheme lets every gene pair be predicted
in at least one test set. Gene pairs where both genes are in the same subset (; are represented in seven test sets, and
we take the average prediction across these sets.

FBA predictions were taken from Szappanos et al., 2011. Since the underlying metabolic model (Mo et al.,
2009) has been iteratively refined by manual curation to be consistent with genetic and physical data, we were unable
to evaluate these predictions in a cross-validation scenario.
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Characterization of genes in a_gene ontology
To score how well a gene has been characterized in a gene ontology, we introduce the concept of a gene’s Annotation
Information Content (AnnlC). Formally, the AnnlC of a gene g is defined as

t
AnniC(g) = Z —logle—I

LETy

where 7% is the set of terms that contain g but are not ancestors of any other term that also contains g, |¢| is the size of
term 7, and N is the number of genes in the ontology. Conceptually, AnnlC(g) is high if g is well characterized by
being annotated to many small terms, and it is low if g is poorly characterized by being annotated to only a few large
terms.

Term enrichments

A term is a least common ancestor (LCA) of a pair of genes if both genes are assigned to it, and if it is not the ancestor
of any other term shared by those genes. Note that a pair of genes may have multiple LCAs, since terms may have
multiple parents. Let ¢ define a set of gene pairs beneath a term or term pair, as follows:

G(T) ={{g1.9,} | Term T isan LCA of g, and g, }
G(Ty,T;) ={{g1,9,} | 3 P,acommon parent of T; and T, thatis also an LCA of g, and g,}.

A term T"was identified as a within-term enrichment if the fraction of gene pairs in (1) that are interacting is at least
twice the background rate of interactions, and the number of gene pairs in G(7) that are interacting passes a
hypergeometric test with p<0.05 using a Bonferroni correction for family-wise error rate. A pair of terms 7, and 77
was identified as a between-term enrichment according to a similar test on G(7,72). We did not test for within-term
enrichment when (+(7)=@, or for between-term enrichment when G(7),75)=0, including the situation where 7; and
T> do not have a common parent. These situations were not counted in the total number of tests computed for
Bonferroni correction. Note that it is possible for a parent term to have within-term enrichment even if none of its
children have between-term enrichments, and vice versa. Enrichments were identified separately for negative and
positive interactions. In Figure 1C, we counted the number of unique terms and unique term pairs that formed within-
term and between-term enrichments for both types of interactions. Together, these enrichments involved 1,050 unique
terms (~24% of the 4,341 GO terms that contained at least one gene among the measured genetic interactions).

In addition to between-term enrichments that share a common parent, we also tested enrichment among pairs
of terms that were distantly related in GO, i.e., the genes contained by one of the term’s parents did not overlap with
those of the other term. We only considered pairs of terms that contained at least 12 gene pairs and for which each
term contained at least 3 genes. Enrichment was based on the number and ratio of interactions according to a similar
criteria for G(1) and G(77,7>). Most of the resulting enrichments were partially redundant such that terms in different
enrichments shared some genes. To remove this redundancy, we first sorted the enrichments in descending order
according to the fraction of gene pairs that had an interaction, breaking ties by sorting according to the number of gene
pairs. Using this sorted ordering, we greedily selected enrichments so that the genes contained by the terms in an
enrichment were not already covered by a previously selected enrichment. This selection procedure resulted in a total
of 71 enrichments (53 negative and 18 positive) (Table 1, Supplemental Table S1).

Visualization of the functionalized ontology

Fao was visualized using Cytoscape version 3.2 (Saito et al., 2012). Only a spanning tree of the GO structure is shown
in order to remove multi-parent relationships that complicate visualization. To form the spanning tree, the edges from
each term to all but one of its parents were removed. The tree was laid out using the yFiles Circular layout tool, and
edges representing between-term enrichments with a common parent were bundled together using the automatic edge
bundling tool. The visualizations of the structure and logic of Fso shown in Figure 4A (http://goo.gl/ViTztH, UUID:
210cd18a-c3ad-11e5-8fbc-06603eb7303), Figure 4C (http:/goo.gl/iWmvNk, UUID: 420ed4e54-c3a2-11e5-8fbc-
06603eb7{303), Figure S5A (http:/goo.gl/mPkMVs, UUID: 555cd256-c3a3-11e5-8fbc-06603eb7f303), and
Supplemental Figure S4 (http://goo.gl/oQWhOA, UUID: 575¢e3e8-c3a3-11e5-8tbc-06603¢b71303) can be accessed
online on the Network Data Exchange (NDEx, Pratt et al., 2015) and as a Cytoscape file in Supplemental File S2.
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