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Abstract

Ontologies are used extensively in scientific knowledgebases and repositories to
organize the wealth of available biological information. However, gene-annotation
enrichment queries utilizing these resources can provide thousands of results with weak
statistical significance that may be difficult to interpret without manually sorting into
higher-order categories. Additionally, some ontology relations are problematic with
respect to scope and hamper categorization, necessitating their omission lest erroneous
term mappings occur. This omission leads to at least a 6% reduction in retrievable
relational information in the Gene Ontology, yet including these terms results in over
31% (325180 out of 1036141) of term mappings being erroneous with respect to

categorization when current tools are used.

To address these issues, we present GOcats, a novel tool that organizes the
Gene Ontology (GO) into subgraphs representing user-defined concepts, while ensuring
that all appropriate relations are congruent with respect to scoping semantics. We
tested GOcats performance using subcellular location categories to mine annotations
from GO-utilizing knowledgebases and evaluating their accuracy against
immunohistochemistry datasets in the Human Protein Atlas (HPA). In comparison to
mappings generated from UniProt’s controlled vocabulary and from GO slims via
OWLTools’ Map2Slim, GOcats outperforms these methods without reliance on a
human-curated set of GO terms. By identifying and properly defining relations with
respect to semantic scope, GOcats can use traditionally problematic relations without
encountering erroneous term mapping. We then applied GOcats in the comparison of

HPA-sourced knowledgebase annotations to experimentally-derived annotations
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provided by HPA directly. During the comparison, GOcats improved correspondence
between the annotation sources by adjusting semantic granularity. Utilized in this way,
GOcats can perform an accurate knowledgebase-level evaluation of curated HPA-

based annotations.

Finally, we show that GOcats’ unique handling of relations improves enrichment
statistics over conventional methods by integrating GOcats into the categoryCompare2
enrichment analysis pipeline and performing enrichment on a publicly-available breast
cancer dataset. Specifically, we saw significant improvement (one-sided binomial test p-
value=1.86E-25) in 182 of 217 significantly enriched GO terms identified from the
conventional method when GOcats’ path traversal was used. We also found unique,
significantly enriched terms using GOcats, whose biological relevancy has been

experimentally demonstrated elsewhere.

Author Summary

We present the Gene Ontology Categorization Suite or GOcats which is
designed, in part, to help scientists interpret large-scale experimental results by
organizing redundant and highly-specific annotations into customizable, biologically-
relevant concept categories. Ontologies like Gene Ontology organize the language of a
discipline, e.g. molecular and cellular biology, and provide a standardized and
consistent context for annotation terms, i.e. descriptions of domain-specific concepts.
During GOcats’ development, we encountered a pervasive issue related to how part-
whole (mereological) relations are handled by ontology categorization methods. We
report that this issue either limits the amount of retrievable information available from

ontologies, or results in erroneous categorizations depending on whether or not these
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relations are included in the analysis. Therefore, we developed a custom graph parsing
scheme that allows these relations to be incorporated without resulting in erroneous
term categorizations. This enables a more robust semantic scoping utilization of Gene
Ontology, facilitating summarization of annotations in large data sets. We also
demonstrate that GOcats is well suited for comparing results from separate annotation
sources due to its ability to allow adjustment of categories to the appropriate annotation
term granularity. GOcats thus facilitates more robust interpretation and comparison of
experimental and knowledgebase annotation sources and provides new tools for
semantic scoping utilization and development of Gene Ontology. Furthermore, when
used alongside annotation enrichment tools such as categoryCompare2, GOcats’
unique method for inferring category membership results in both improved enrichment
statistics and the identification of enriched terms otherwise impossible-to-identify with

statistical significance when compared to using conventional ontology inference rules.

Introduction
Background

Biological and biomedical ontologies such as Gene Ontology (GO) (Ashburner et
al, 2000) are indispensable tools for systematically annotating genes and gene products
using a consistent set of annotation terms. Ontologies are used to document new
knowledge gleaned from nearly every facet of biological and biomedical research today,
from classic biochemical experiments elucidating specific molecular players in disease
processes to omics-level experiments providing systemic information on tissue-specific
gene regulation. These ontologies are created, maintained, and extended by experts

with the goal of providing a unified annotation scheme that is readable by humans and
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machines (Smith et al, 2007).

Ontologies and other controlled vocabularies (CV) within the biomedical domain
such as GO and the Unified Medical Language System (Gene Ontology consortium,
2015; Bodenreider, 2004) saw an explosion in development in the mid-1990s and early
2000s, coinciding with the increase in high-throughput experimentation and “big data”
projects like the Human Genome Project. Their intended purpose was, and still is, to
standardize the functional descriptions of biological entities so that these functions can
be referenced via annotations across large databases unambiguously, consistently, and
with increased automation. However, as large-scale and high-throughput investigations
continue to advance, ontologies are also evolving as they are used in ways that extend
beyond their initial purpose as annotation reference utilities. Ontology annotations are
utilized alongside automated pipelines that analyze protein-protein interaction networks
and form predictions of unknown protein function based on these networks (Veres et al,
2015; Huttlin et al, 2015), for gene function enrichment analyses, and are now being
leveraged for the creation of predictive disease models in the scope of systems
biochemistry (Papatheodorou et al, 2015).

Ontologies and omics-level research

With the advent of transcriptomics technologies, high-throughput investigation of
the functional impact of gene expression in biological and disease processes in the form
of gene set enrichment analyses represents one important use of GO (Subramanian et
al, 2005). However, such studies often result in many individually enriched GO terms
that are highly specific and weakly justified by statistical significance. Often times, the

resulting large sets of weakly enriched terms are difficult to interpret without manually
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sorting into appropriate descriptive categories (Na et al, 2014). It is similarly non-trivial
to give a broad overview of a gene set or make queries for genes with annotations of a
biological concept. For example, a recent effort to create a protein-protein interaction
network analysis database resorted to manually building a hierarchical localization tree
from GO cellular compartment terms due to the “incongruity in the resolution of
localization data” in various source databases and the fact that no published method
existed at that time for the automated organization of such terms (Veres et al, 2015).
While GO provides a way to annotate large numbers of genes and gene products with
high semantic specificity, it cannot identify emergent concepts from GO organized as
categories of GO terms. If subgraphs of GO could be programmatically extracted to
represent such concepts, a category-defining general term could be easily associated
with all its ontological child terms. These category-defining terms enable a more robust
and easily interpretable organization of genes and gene products for the investigation of
specific biological and disease processes and facilitate the development of complex

biological models such as bio-macromolecular interaction and metabolic networks.

Meanwhile, high-throughput transcriptomic and proteomic characterization efforts
like those carried out by the Human Protein Atlas (HPA) now provide sophisticated
pipelines for resolving expression profiles at organ, tissue, cellular and subcellular levels
by integrating quantitative transcriptomics with microarray-based immunohistochemistry
(Uhlen et al, 2015). Such efforts are creating a huge amount of omics-level
experimental data that is being cross-validated and distilled into systems-level
annotations linking genes, proteins, biochemical pathways, and disease phenotypes

across our knowledgebases. However, annotations provided by such efforts may vary in
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terms of granularity, annotation sets used, or ontologies used. Therefore, (semi-
)Jautomated and unbiased methods for categorizing semantically-similar and
biologically-related annotations are needed for integrating information from
heterogeneous sources—even if the annotation terms themselves are standardized—to
facilitate effective downstream systems-level analyses and integrated network-based

modeling.

Anatomy of the Gene Ontology

The GO database itself represents a CV of biological, and biochemical terms that
are each assigned a unique alphanumeric code, which is used to annotate genes and
gene products in many other databases, including UniProt (The UniProt Consortium,
2015a) and Ensembl (Cunningham et al, 2015). The ontology is divided into three sub-
ontologies: Cellular Component, Molecular Function, and Biological Process. Each can
be envisioned as a graph or network where terms are nodes connected by edges that
describe how each term relates to one another. For example, the term “DNA
methylation” (GO:0006306) is connected to the term “macromolecule methylation”
(G0:0043414) by the is_a relation. In this case, ontological terminology defines the term
“macromolecule methylation” as a “parent” of the term “DNA methylation.” The three
sub-ontologies mentioned are “is_a disjoint” meaning that there are no is_a relations
connecting any node among the three ontologies. However, other relations, such as
“regulates,” connect nodes of separate sub-ontologies.

Relations of interest to this study are part_of and has_part. These are similar to
is_a in that they describe scope, i.e. relative generality or encompassment, but are

separate in that is_a represents true sub-classing of terminology while part_of and
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has_part describe part-whole (mereological) correspondence. Therefore, we consider
scoping relations to be comprised of is_a, part_of, and has_part, and mereological
relations to be comprised of part_of and has_part.

There are three versions of the GO database, each containing aspects of the CV
with varying complexity: go-basic is filtered to exclude relations that span across
multiple sub-ontologies and to include only relations that point toward the root of the
ontology; go or go-core contains additional relations, such as has_part that may span
sub-ontologies and which point both toward and away from the root of the ontology; and
go-plus contains yet more relations in addition to cross-references to entries in external
databases like the Chemical Entities of Biological Interest (ChEBI) ontology (Munoz-
Torres & Carbon, 2017). The first and second versions are available in the Open
Biomedical Ontology (OBO) flat text file formatting, while the third is available only in the
Web Ontology Language (OWL) RDF/XML format.

Categorization-relevant issues in GO

Ontological graphs are typically designed as directed graphs, meaning that every
edge has directionality or directed acyclic graphs (DAGSs), meaning that no path exists
that leads back to a node already visited if one were to traverse the graph stepwise.
This allows the graph to form a complex semantic model of biology containing both
general concepts and more-specific (fine-grained) concepts. The “parent-child” relation
hierarchy allows biological entities to be annotated at any level of specificity (granularity)
with a single term code, as fine-grained terms intrinsically capture the meaning of every
one of its parent and ancestor terms through the linking of relation-defining is_a edges

in the graph. However, it is deceptively non-trivial to reverse the logic and organize
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similar fine-grained terms into general categories—such as those describing whole
organelles or concepts like “DNA repair’ and “kinase activity"—without significant
manual intervention. This is due, in part, to the lack of explicit scoping, scaling, and
other semantic correspondence classifiers in relations; it is not readily clear how to
classify terms connected by non-is_a relation edges. Although edges are directional, the
semantic correspondence between terms connected by a scoping relation is
computationally ambiguous, e.g. assessing whether term 1 is more/less general or
eqgual in semantic scope with respect to term 2 is currently not possible without explicitly
defining rules for such situations.

Ambiguity in assessing which term is more general in a pair of terms connected
by a relation edge is confounded by the fact that edges describing mereological
relations, such as part_of and has_part, are not strictly and universally inverse of one
another. For instance, while every “nucleus” is part_of “cell,” not every “cell” has_part
“nucleus.” Similarly, while every “nucleus” has_part “chromosome”, not every
“‘chromosome” is part_of “nucleus” under all biological situations. Therefore,
mereological edges are not necessarily reciprocal. Ontological logic rules, called axioms,
ensure that this logic is maintained in the graph representation by allowing edges of the
appropriate type to connect terms only if the inferred relation is universal (Noy &
Wallace, 2005; Gene Ontology consortium, 2017). This axiomatic representation is
crucial to avoid making incorrect logical inferences regarding universality but does
nothing to facilitate categorization of terms into parent concepts, especially since some
mereological edges point away from the root of the ontology, toward a narrower scope.

If these edges are followed, terms of more broad scope may be grouped into terms of
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more narrow scope, or worse, cycles may emerge which would abolish term hierarchy
and make both categorization and semantic inference impossible. To circumvent this
problem, some ontologies release versions that do not contain these types of edges.
For GO, this is accomplished by go-basic. However, information is lost when edges are
removed in the graph. For those interested in organizing fine-grained terms into
common concepts using the hierarchical structure, this information loss can be
significant because many specific-to-generic term mappings can utilize the same edge

in many paths.

Term categorization approaches

Issues of term organization and term filtering have led to the development of GO
slims—manually cut-down versions of the gene ontology containing only generalized
terms (GO Slim and Subset Guide) which represent concepts within GO, as well as
other software, like Categorizer (Na et al, 2014), which can organize the rest of GO into
representative categories using semantic similarity measurements between GO terms.
GO slims may be used in conjunction with mapping tools, such as OWLTools’
Map2Slim (M2S), or GOATools (OWLTools, 2015; Tang et al), to map fine-grained
annotations within Gene Annotation Files (GAFs) to the appropriate generalized term(s)
within the GO slim or within a list of GO terms of interest. While web-based tools such
as QuickGO exist to help compile lists of GO terms (Binns et al, 2009), using Map2Slim
either relies completely on the structure of existing GO slims or requires input or
selection of individual GO identifiers for added customization, and necessitates the use
of other tools for mapping. UniProt has also developed a manually-created mapping of

GO to a hierarchy of biologically-relevant concepts (The UniProt Consortium, 2015b).
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However, it is smaller and less maintained than GO slims, and is intended for use only
within UniProt’s native data structure.

In addition to utilizing the inherent hierarchical organization of GO to categorize
terms, other metrics may be used for categorization. For instance, semantic similarity
can be combined along with the GO structure to calculate a statistical value indicating
whether a term should belong to a predefined group or category of (Na et al, 2014,
Jiang, 1997; Lin, 1989; Resnik, 1999; Schlicker et al, 2006). One rationale for this type
of approach is that the topological distance between two terms in the ontology graph is
not necessarily proportional to the semantic closeness in meaning between those terms,
and semantic similarity reconciles potential inconsistencies between semantic
closeness and graph distance. Additionally, some nodes have multiple parents, where
one parent is more closely related to the child than the others (Na et al, 2014). Semantic
similarity can help determine which parent is semantically more closely related to the
term in question. While these issues are valid, we maintain that in the context of
aggregating fine-grained terms into general categories, these considerations are not
necessary. First, fluctuations in semantic distances between individual terms will not be
an issue once terms are binned into categories: all binned terms will be reduced to a
single step away from the category-defining node. Second, the problem of choosing the
most appropriate parent term for a GO term would only cause problems when selecting
a representative node for a category; however, since most paths eventually converge
onto a common ancestor, any significantly diverging paths would have its meaning
captured by rooting multiple categories to a single term, cleanly sidestepping the issue.

Moreover, current methods for utilizing ontological annotations—such as in the

11
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enrichment studies mentioned previously—often rely on manual intervention for sorting
annotations into biologically meaningful categories either directly, or indirectly through
the use of GO slims (Veres et al, 2015). This categorization of annotations typically
occur after enrichment analysis has been performed (Na et al, 2014). But the limitations
of these methods often burden researchers with manual inspection of both fine-grained
and course terms, potentially introducing human error and discrepancies into analyses,
hindering reproducibility, complicating interpretation, and ultimately impacting the

statistical power of gene and GO set enrichment analyses.

Axiomatic versus semantic scoping interpretation and use of mereological relations in

GO

While ensuring mereological universality in relation associations using current
axioms is important within the purview of ontology development, for those interested in
organizing datasets of gene annotations into relevant concepts for better
interpretation—such is the case in annotation enrichment—it is important to utilize the
full extent of the information within an ontology.

As mentioned, the current axiomatic representation of mereological relations
requires the use of ontology versions which lack certain relations, resulting in a loss of
retrievable information. If has_part edges—which point toward terms of narrower
scope—were to be inversed to resemble part_of edges—ensuring that all edges point
toward terms of a broader scope—terms could be effectively categorized with respect to
semantic scope using the native graph hierarchy without losing any information in the
process. However, this isn't logically possible because of issues dealing with

universality.
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Therefore, we acknowledge the importance of existing axioms which prohibit
reversing mereological edges in ontologies under the context of drawing direct semantic
inferences. However, we maintain that in the context of detecting enriched broad
concepts based on “summarizing” annotated fine-grained terms contained within
differential annotation datasets, it is very appropriate to evaluate mereological relations
from a scoping perspective, which requires that all mereological edges point to their
whole. This conundrum preventing the comprehensive categorization of GO terms can
be dealt with by adding a single new relation to the ontology: part of some.
Semantically, this relation deals with both the issue of universality and with the issue of

the direction of granularity.

Emergent concepts

Emergent properties of a complex system are those which arise from individual
components working in concert to perform new functions that were not possible by the
individual components themselves. In the same respect, an emergent concept arises
from the interplay of existing or predefined concepts. In the context of ontologies,
terminology for concepts are explicitly defined within the nodes of the ontological graph.
We believe that non-explicit, emergent concepts may be discovered in ontologies by
evaluating the intersection of two or more broad-topic, concept-centric ontological
subgraphs. For example, one may define an emergent concept of “nuclease activity
involved in autophagy” by first categorizing terminology into the concepts “nuclease
activity” and “autophagy” and then assigning the intersection of these to this new
emergent concept. While the hierarchical nature of ontologies makes this logic obvious,

in practice, identifying emergent concepts is non-trivial. This is because ontologies, by
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design, do not make a distinction between broad-topic-level concepts like autophagy
and more fine-grained, detail-level concepts like “engulfment of target by
autophagosome.” This makes sense because such distinctions would be arbitrary and
would vary depending on context. As mentioned, ambiguities in terms of scope among
relations further complicate the generalization of concept-centric subgraphs toward this
end. Therefore, we anticipate that customizable, extra-ontological tools will be needed

to identify these emergent concepts.

Maintenance of ontologies

Despite maintenance and standard policies for adding terms, ontological
organization is still subject to human error and disagreement, necessitating quality
assurance and revising, especially as ontologies evolve or merge. A recent review of
current methods for biomedical ontology mapping highlights the importance in
developing semi-automatic methods to aid in ontology evolution efforts and reiterates
the aforementioned concept of semantic correspondence in terms of scoping between
terms (Grof3 et al, 2016). Methods incorporating such correspondences have been
published elsewhere, but these deal with issues of ontology evolution and merging, and
not with categorizing terms into user-defined subsets (Grol3 et al, 2013; Cesar et al,
2013). Ontology merging also continues to be an active area of development for
integrating functional, locational, and phenotypic information. To aid in this endeavor,
another recent review points out that it is crucial to integrate phenotypic information
across various levels of organismal complexity, from the cellular level to the organ
system level (Papatheodorou et al, 2015). Thus, organizing location-relevant ontology

terms into discrete categories is an important step toward this end.
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GO Categorization Suite (GOcats)

For the reasons stated above, we have developed a new tool called the GO
Categorization Suite (GOcats), which serves to streamline the process of slicing the
ontology into custom, biologically-meaningful subgraphs representing concepts
derivable from GO. Unlike previously developed tools, GOcats uses a list of user-
defined keywords and/or GO terms that describe a broad category-representative term
from GO, along with the structure of GO and augmented relation properties to generate
a subgraph of child terms and a mapping of these child terms to their respective
category-defining term that is automatically identified based on the user’s keyword list,
or to the GO term that is explicitly specified. Furthermore, these tools allow the user to
choose between the strict axiomatic interpretation or a looser semantic scoping
interpretation of mereological relation edges within GO.

Here, we demonstrate the utility of GOcats and the effectiveness of evaluating
mereological relations with respect to semantic scope by categorizing the GO Cellular
Component ontology into broad-level concepts representing cellular components. We
used the concept-centric subgraphs produced by GOcats to create a mapping of fine-
grained terms to their chosen concept-representative term. Using these mappings, we
categorized knowledgebase-derived gene annotations and compared this automated
categorization to publicly available datasets of manually-categorized gene annotations
assigned by researchers at the HPA following immunohistochemistry experiments.

Furthermore, we illuminate the extent of information loss or potential for
misinterpretation of has_part relations in their current form if they are excluded or

included in current GO term categorization methods, respectively. Finally, we
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demonstrate that GOcats’ reinterpretation of has_part can retain all information from GO
while drawing appropriate categorical inferences for the purpose of annotation
enrichment. This reinterpretation has the added benefit of improving the statistical

power of annotation enrichment analyses.

Design and Implementation

The go-core version of the GO database was chosen in favor of the go-basic
version, because it contains the has_part edge relation which points away from the root
of the ontology and because it contains other edges which connect separate ontologies.
Since one of our goals is to reinterpret mereological relations with respect to semantic
scope, it is necessary that these relations be evaluated. Similarly, we excluded the go-
plus version from this investigation, because we are not yet concerned with the
reevaluation of the additional relation contained therein, nor are the additional database

cross-references meaningful to this study.

While go-basic is a true DAG, go-core is not strictly acyclic due to its additional
has_part relations. However, when we inversed traversal of has_part into the
part_of some interpretation, acyclicity was maintained. Therefore, we refer to our go-

core graph as a DAG (see below).

GOcats is a Python package written in version 3.4.2 of the Python program
language (van Rossum & Drake, 2011). It uses a Visitor design pattern implementation
(Gamma et al, 1994) to parse the go-core Ontology database file (Gene Ontology
consortium, 2015). The DAG hierarchal structure of the ontology is represented as a

graph implemented using customized Python objects. Searching with user-specified

16


https://doi.org/10.1101/306936
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/306936; this version posted April 24, 2018. The copyright holder for this preprint (which was not
certified by peer review) Is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under
aCC-BY 4.0 International license.

sets of keywords for each category, GOcats extracts subgraphs of the GO DAG (sub-
DAGSs) and identifies a representative node for each category in question and whose

child nodes are detailed features of the components (Figure 1a).

Figure 2 illustrates this approach in more detail. The user-provided keyword sets
are used by GOcats to query GO terms’ name and definition fields to create an initial
seeding of the sub-DAG with terms that contain at least one keyword, this seeding is a

list of nodes from the whole GO graph (supergraph) that pass the query.

FOR node in supergraph.nodes
IF keyword from keyword list in node.name or node.definition

APPEND node to subdag.seeding list

Using the graph structure of GO, edges between these seed nodes are faithfully
recreated except where edges link to a node that does not exist in the set of newly
seeded GO terms. During this process, edges of appropriate scoping relations are used

to create children and parent node sets for each node.

FOR edge in supergraph.edges
IF edge.parent node in subgraph.nodes AND /
edge.child node in subgraph.nodes AND /
edge.relation is TYPE: SCOPING
APPEND edge to subgraph.edges
ELSE
PASS
FOR node in subgraph.nodes
LOOKUP child node AND parent node from subgraph.edges
ADD child node to node.child node set IF node ==

edge.parent node
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ADD parent node to node.parent node set IF node == /

edge.child node

GOcats then selects a category representative node to represent the sub-DAG. To do
this, a list of candidate representative nodes is compiled from non-leaf nodes, i.e. root-
nodes in the sub-DAG which have at least one keyword in the term name. A single
category representative root-node is selected by recursively counting the number of
children each candidate term has and choosing the term with the most children.

FOR node in subgraph

IF node.child node set != None AND ANY keyword in node.name
APPEND node in subgraph.nodes to candidates

representative node = MAX(LEN (node.descendants)) FOR node in /

candidates

Because it may be possible that highly-specific or uncommon features included in the
GO may not contain a keyword in its name or definition but still may be part of the sub-
DAG in question by the GO graph structure, GOcats re-traces the supergraph to find
various node paths that reach the representative node. We have implemented two
methods for this subgraph extension: i) comprehensive extension, whereby all
supergraph descendants of the representative node are added to the subgraph and ii)
conservative extension, whereby the supergraph is checked for intermediate nodes
between subgraph leaf nodes and the subgraph representative node that may not have
seeded in the initial step. (Figure 2, and see below).

Comprehensive extension:

FOR node in supergraph

IF ANY (node in node.ancestors) in subgraph

18


https://doi.org/10.1101/306936
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/306936; this version posted April 24, 2018. The copyright holder for this preprint (which was not
certified by peer review) Is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under
aCC-BY 4.0 International license.

APPEND node to subgraph.nodes
UPDATE subgraph # appropriate edges added and parent/child nodes
# assigned
Conservative extension:
FOR leaf node in subgraph.leaf nodes # nodes with no children
start node = leaf node

end node = representative node

FOR node in super graph.start node.ancestors B /
supergraph.end node.descendents
APPEND node to subgraph.nodes
UPDATE subgraph # appropriate edges added and parent/child nodes

# assigned

The subgraph is finally constrained to the descendants of the representative node in
the subgraph; this excludes unrelated terms that were seeded by the keyword search

due to serendipitous keyword matching.

To overcome the previously mentioned issues regarding scoping ambiguity
among mereological relations, we manually assigned properties indicating which term
was broader in scope and which term was narrower in scope to each edge object
created from each of the scope-relevant relations in GO. For example, in the node pair
connected by a part_of or is_a edge, node 1 is narrower in scope than node 2.
Conversely, node 1 is broader in scope than node 2 when connected by a has_part
edge (Table 2, Figure 3). This edge is therefore reinterpreted by GOcats as
part_of some. While the default scoping relations in GOcats are is_a, part_of, and
has_part, the user has the option to define the scoping relation set. For instance, one

can create go-basic-like subgraphs from a go-core version ontology by limiting to only
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those relations contained in go-basic. For convenience, we have added a command line
option, “go-basic-scoping,” which allows only nodes with is_a and part_of relations to be

extracted from the graph.

For mapping purposes, Python dictionaries are created which map GO terms to
their corresponding category or categories. For inter-sub-DAG analysis, another Python
dictionary is created which maps each category to a list of all its graph members. By
default, fine-grained terms do not map to category root-nodes that define a sub-DAG
that is a superset of a category with a root-node nearer to the term. For example, a
member of the “nucleolus” sub-DAG would map only to “nucleolus,” and not to both
“nucleolus” and “nucleus”. However, the user has the option to override this functionality
if needed. Mapping supersets is a requirement for visualizing concept membership in

graph representations using tools like Cytoscape (Figure 4).
Results

GOcats compactly organizes GO subcellular localization terms into user-specified

categories

GOcats utilizes the DAG structure of GO along with a small number of user-
specified keywords and/or GO terms to extract an arbitrary number of subgraphs from
GO, each representing a broad category with which fine-grained GO terms can be
mapped to the root-node of each subgraph, without needing explicitly-defined GO terms
(Figures 1 and 2). We evaluated the automatic extraction and categorization of 25
subcellular locations, using the “comprehensive” method of subgraph extension (Figure

2, see methods). Of these, 22 contained a designated GO term root-node that exactly
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matched the concept intended at the creation of the keyword list (Table 2). These
subgraphs account for approximately 89% of GO’s cellular compartment ontology. Note
that because subgraph nodes may root to more than one representative root node, the

totals in Table 2 do not add up to the total number of GO terms in Cellular Component.

While keyword querying of GO provided an initial seeding of the growing
subgraph, we also emphasize the necessity of re-analyzing the GO graph to find terms
missed by the keyword search, to remove terms erroneously added by the keyword
search, and to add appropriate subgraph terms not captured by the keyword search. In
table 2, this is apparent by comparing the number of seeded nodes from the keyword
search to the total nodes, and by the number of nodes added during the extension of
the subgraph. For example, the “cytoplasm” subgraph grew from its initial seeding of
296 nodes to 1197 nodes after extension. Conversely, while 136 nodes were seeded by
keyword for the “bacterial” subgraph, only 16 were truly rooted to the representative

node, and necessitated the removal of serendipitously added nodes.

Of note, 2102 of the 3877 terms in Cellular Component could be rooted to a
single concept: “macromolecular complex.” Despite cytosol being defined as “the part
of the cytoplasm that does not contain organelles but which does contain other
particulate matter, such as protein complexes,” less than half of the terms rooted to
macromolecular complex also rooted to cytosol or cytoplasm. Surprisingly,
approximately 25% of the terms rooted to macromolecular complex are rooted to this
category alone and the remaining are rooted only to macromolecular complex and

another compartment that was extracted.
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The visualization of the subgraph contents confirmed the uniqueness of the
macromolecular complex category and showed the relative sizes of groups of GO terms
shared between two or more categories (Figure 4a). The amorphous clustering of nodes
immediately surrounding macromolecular complex represents those terms which root
only to macromolecular complex and the highly clustered circular nodes represent
groupings which root to the same root-node(s). The patterns of connectedness in this
network make sense biologically, within the constraints of GO’s internal organization.
For example, intracellular organelles tend to be clustered about cytoplasm, with the
exception of nucleus which the GO consortium does not consider to be part of the
cytoplasm. But the macromolecular complex category somewhat complicates the
visualization of category organization within GO which indicates just how large and
interconnected this category is in the ontology. To better reflect what might be a
biologist's expectation for a cell's overall organization, we produced another
visualization with the macromolecular complex category omitted (Figure 4b). Despite
the idiosyncrasies with the macromolecular complex subgraph, compartments that
typically contain a large range of protein complexes, such as the nucleus, plasma
membrane, and cytoplasm appear to be appropriately populated. Furthermore,
concepts such as endomembrane trafficking can be gleaned from the network
connectedness of representative nodes, such as lysosome, Golgi apparatus, vesicle,

secretory granule, and cytoplasm.

GOcats robustly categorizes GO terms into category subgraphs with high similarity to
existing GO-utilizing categorization methods while including information gleaned from

has_part edges.
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To assess the accuracy of GOcats’ category subgraph contents, we evaluated
the similarity of these subgraph contents to subgraphs of the manually-curated UniProt
subcellular localization CV (The UniProt Consortium, 2015b, 2015a) as illustrated in
Figure 5. In comparing the overlap of terms between UniProt’'s CV and corresponding
category-representative nodes produced by GOcats, most GOcats-derived subgraphs
are large supersets of UniProt subgraphs. Table 3 shows that 12 of the GOcats-derived
compartments had identical root nodes in UniProt’s considerably smaller controlled
vocabulary. Of these, 6 contained 100% inclusion and were approximately 20 times
larger on average. The others contained between 56.2% and 84.6% inclusion. Some
discrepancies in the organizational patterns between UniProt and GO may account for
the lower inclusion. One major discrepancy is UniProt's organization of the plasma

membrane and other cellular envelopes.

We also performed comparisons with subgraphs created by M2S. This method is
more comparable to GOcats, because it directly utilizes the GO graph structure. In
comparing the category subgraphs created by GOcats and M2S, the mappings for most
categories are in very close agreement, as evidenced by both high inclusion and
Jaccard indices in Table 4 and further highlighted in Figures 6a, 6b and Supplemental
Data la-v. However, in some categories, M2S and GOcats are in disagreement as
illustrated in Figure 6¢c and Supplemental Data 1e. The most striking example of this is
in the plasma membrane category, where M2S’s subgraph contained over 300 terms
that were not mapped by GOcats. We manually examined theses discrepancies in the
plasma membrane category and noted that many of the terms uniquely mapped by M2S

did not appear to be properly rooted to “plasma membrane” (Supplemental Data 2).
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M2S mapped terms such as “nuclear envelope,” “endomembrane system,” “cell
projection cytoplasm”, and “synaptic vesicle, resting pool” to the plasma membrane
category, while such questionable associations were not made using GOcats. Despite
the fact that the majority of terms included by M2S but excluded by GOcats exist
beyond the scope of or are largely unrelated to the concept of “plasma membrane,” a
few terms in the set did seem appropriate, such as “intrinsic component of external side
of cell outer membrane.” However, of these examples, no logical semantic path could
be traced between the term and “plasma membrane” in GO, indicating that these
associations are not present in the ontology itself. We suspected that the differences in
mapping could be due to our reevaluation of the has_part edges with respect to scope.
As shown in Table 4, the categories with the greatest agreement between the two
methods were those with no instances of has_part relations, which is the only relation in
Cellular Component that is natively incongruent with respect to scope. However, there is

no apparent correlation between the frequency of this relation and the extent of

disagreement.

GOcats reevaluates path tracing for the has_part edge to make it congruent with
other relations that delineate scope. With path tracing unchanged, has_part edges lead
to erroneous term mappings unless they are completely excluded from the ontology. To
evaluate the extent of incorrect semantic interpretation conferred by has_part relations,
we calculated all potential false mappings (pMg) between nodes for a given GO sub-
ontology by counting the number of mappings from all children of a has_part edge to all
parents of a has_part edge assuming the original GO has_part edge directionality. Next,

we compared the pMg to the total number of true mappings (My) for a given GO sub-
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ontology to evaluate the possible magnitude of their impact (see Methods, Equations 2-
6). As shown in Table 5, there are 23,640 pMgs in Cellular Component, 8,328 pMgs in
Molecular Function, and 89,815 pMgs in Biological Process. Comparatively, the amount
of pMgs is 42%, 13%, and 16% the size of the My, in Cellular Component, Molecular

Function, and Biological Process, respectively.

The conventional solution to avoid these errors are to use versions of ontologies
that remove edges like has part. (Binns et al, 2009). Considering the number of
possible mappings between terms as a measure of information content, we quantified
the loss of information acquired when has_part is omitted during mapping by subtracting
the number of Mt in graphs containing is_a, part_of, and has_part edges from those
with only is_a and part_of edges. As shown in Table 5, Cellular Component lost 6,346
mappings, Molecular Function lost 6,242 mappings, and Biological Process lost 27,674
mappings, which equates to 11%, 10%, and 5% loss of information in these sub-
ontologies, respectively. It is important to note here that the mapping combinations were
limited to those nodes containing is_a, part_of, and has_part relations only. Because
paths in GO are heterogeneous with respect to relation edges, this loss of information is
a lower-bound estimate since other relations exist that connect additional nodes
erroneously. This is especially true for Biological Process, which has many regulatory

relations that were not evaluated here.

While the potential for false mappings are high considering the has_part relation
alone, this statistic does not illuminate the scale of the issue facing users of current
ontology mapping software. Importantly, it does not address a fundamental limitation

and danger facing software like M2S, which evaluates non-scoping ontology relations
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as if they describe scoping semantics. For example, terms linked by an active relation
like regulates are categorized as if they are related by a scoping relation like is_a.
Therefore, we calculated the total number of possible mappings produced by M2S and
enumerated the intersection of these mappings against those made by GOcats which
were constrained to paths that contained only scoping relations, is_a, part_of, and
has_part (see Methods, Equations 7-8). Overall, M2S made 325,180 GO term
mappings, i.e. categorizations, which did not intersect GOcats’ full set of corrected
scoping relation mappings. We consider these false mapping pairs (Mpairm2s) since they
represent a problematic evaluation of scoping semantics. This contrasted with 710,961
correct mappings that intersected the GOcats mapping pairs (Mpaircocats) giving a
percent error of 31.4%. Cellular Component, Molecular Function, and Biological
Process contained 22,059, 29,955 and 273,166 erroneous mappings, which accounted

for respective percent errors of 30.7%, 34.8%, and 31.1% (Table 6).

To be clear, tools like M2S can be safe and not produce flawed mappings if they
are used alongside ontologies that contain only those relations that are appropriate for
evaluation. However, we intentionally utilized the full GO-core ontology to illustrate the
danger in using tools that do not provide explicit semantic control on how ontologies are
utilized. Furthermore, tools that can semantically utilize ontological information to a
fuller extent while providing accurate categorization of terms represent an advancement

and will be instrumental for improving annotation enrichment analyses.

Custom-tailoring of GO slim-like categories with GOcats allows for robust

knowledgebase gene annotation mining
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The ability to query knowledgebases for genes and gene products related to a
set of general concepts-of-interest is an important method for biologists and
bioinformaticians alike. Using the set of GO terms annotated in the HPA’s
immunohistochemistry localization raw data as “concepts” (Table 7), we derived
mappings to annotation categories generated from GOcats, M2S, and UniProt's CV
based on UniProt- and Ensembl- sourced annotations from the European Molecular
Biology Laboratories-European Bioinformatics Institute (EMBL-EBI) QuickGO
knowledgebase resource (Binns et al, 2009). These annotation-category mappings
were also visualized using Cytoscape (Figure 4C). Next, we evaluated how these
derived annotation categories matched raw HPA data GO annotations. Figure 7
illustrates the data analysis steps utilized in this evaluation. GOcats slightly
outperformed M2S and significantly outperformed UniProt’'s CV in the ability to query
and extract genes and gene products from the knowledgebase that exactly matched the
annotations provided by the HPA (Figure 8a). Similar relative results are seen for
partially matched knowledgebase annotations. Genes in the “partial agreement,” “partial
agreement is superset,” or “no agreement” groups may have annotations from other
sources that place the gene in a location not tested by the HPA immunohistochemistry
experiments or may be due to non-HPA annotations being at a higher semantic scoping
than what the HPA provided. Also, novel localization provided by the HPA could explain
genes in the “partial agreement” and “no agreement” groups. Furthermore, GOcats
performed the categorization of HPA’s subcellular locations dataset in 5.971 seconds
when filtered to the cellular localization sub-ontology and 9.248 seconds when unfiltered,

while M2S performed its mapping on the same data in 13.393 seconds. Although
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comparable, GOcats should offer appreciable computational improvement on
significantly larger datasets. This is rather surprising since GOcats is implemented in
Python (van Rossum & Drake, 2011), an interpreted language, versus M2S which is

implemented in Java and compiled to Java byte code.

One key feature of GOcats is the ability to easily customize category subgraphs
of interest. To improve agreement and rectify potential differences in term granularity,
we used GOcats to organize HPA's raw data annotation along with the knowledgebase
data into slightly more generic categories (Table 8). In doing so, GOcats is able to query
over twice as many knowledgebase-derived gene annotations with complete agreement
with the more-generic HPA annotations, while also increasing the number of genes in
the categories of “partial” and “partial agreement is superset” agreement types and
decreasing the number of genes in the “no agreement” category (Figure 8b). There is
not an appreciable change in the number of gene annotations not found in the
knowledgebase (data not shown). By enabling users to quickly customize the level of
semantic specificity for annotation categories, a more meaningful query of

knowledgebases annotations is possible with GOcats.

We then compared the methods’ mapping of knowledgebase gene annotations
derived from HPA to the HPA experimental dataset to demonstrate how researchers
could use the GOcats suite to evaluate how well their own experimental data is
represented in public knowledgebases. Due to the UniProt CV’s poor performance in
the previous results, we omitted it from this evaluation. Because the set of gene
annotations used in the HPA experimental dataset and in the HPA-derived

knowledgebase annotations are identical, no term mapping occurred during the
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agreement evaluation and so the assignment agreement was identical between GOcats
and M2S. As expected, the complete agreement category was high, although there was
a surprising number of partial agreement and even some genes that had no annotations
in agreement (Figure 9). We next broke down which locations were involved in each
agreement type and noted that the “nucleus,” “nucleolus,” and “nucleoplasm” had the
highest disagreement relative to their sizes, but that disagreements were present across

nearly all categories (Table 9).

Both M2S and GOcats avoid superset category term mapping; neither map a
category-representative GO term to another category-representative GO term if one
supersedes another (although GOcats has the option to enable this functionality).
Therefore, discrepancies in annotation should not arise by term mapping methods.
Nevertheless, we hypothesized that some granularity-level discrepancies exist between
the HPA experimental raw data and the HPA-assigned gene annotations in the
knowledgebase. We performed the same custom category generic mapping as we did
for the previous test and discovered that some disagreements were indeed accounted
for by granularity-level discrepancies, as seen in the decrease in “partial” and “no
agreement” categories and increase in “complete” agreement category following generic
mapping (Figure 9, blue bars). For example, 26S proteasome non-ATPase regulatory
subunit 3 (PSMD3) was annotated to the nucleus (GO:0005634) and cytoplasm
(GO:0005737) in the experimental data, but was annotated to the nucleoplasm
(GO:0005654) and cytoplasm in the knowledgebase. By matching the common
ancestor mapping term “nucleus”, GOcats can group the two annotations in the same

category. In total, 132 terms were a result of semantic scoping discrepancies. Worth
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noting is the fact that more categories could be grouped to common categories to

further improve agreement, for example “nucleolus” within “nucleus.”

Interestingly, among the remaining disagreeing assignments were some with
fundamentally different annotations. Many of these are cases in which either the
experimental data, or knowledgebase data have one or more additional locations
distinct from the other. For example, NADH dehydrogenase [ubiquinone] 1 beta
subcomplex subunit 6 (NDUBG6) was localized only to the mitochondria (GO:0005739) in
the experimental data, yet has annotations to the mitochondria and the nucleoplasm
(GO:0005654) in the knowledgebase. Why such discrepancies exist between

experimental data and the knowledgebase is not immediately clear.

We were also surprised by the high number of genes with “supportive”
annotations in the HPA raw data that were not found in the EMBL-EBI knowledgebase
when filtered to those annotated by HPA. As Figure 9 shows, roughly one-third of the
annotations from the raw data were missing altogether from the knowledgebase; the
gene was not present in the knowledgebase whatsoever. This was surprising because

“supportive” was the highest confidence score for subcellular localization annotation.

GOcats'’ reinterpretation of has_part relations results in improved enrichment statistics.

We incorporated GOcats-derived ontology ancestor paths (paths from fine-
grained terms to more general, categorical terms) into the categoryCompare (Flight et al,
2014) annotation enrichment analysis pipeline and performed annotation enrichment on
an Affymetrix microarray dataset of ER+ breast cancer cells with and without estrogen

exposure(Huber & Gentleman, 2017). We compared these enrichment results to those
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produced when unaltered ancestor paths from GO—excluding the has_part relation—

were incorporated into the same categoryCompare pipeline.

Assessment of p-values from significantly enriched terms using GOcats’ paths
versus the traditional method of omitting has_part edges shows that GOcats reliably
improves the statistical significance of term enrichment results through its unique re-
interpretation of relation semantics (Figure 10, Supplemental Data 3). Of the 217
significantly enriched terms found using the traditional enrichment method at an alpha of
0.01 for FDR-adjusted p-values, 182 had adjusted p-values that were improved when

GOcats part_of _some paths were used (one-sided binomial test p=1.86E-25).

Additionally, GOcats was able to identify 15 unique significantly-enriched terms
at an alpha of 0.01 for adjusted p-values that would otherwise be omitted due to the loss
of has_part edges (Supplemental Data 4). Four of these terms involve purinergic
nucleotide receptor activity, which has been implicated elsewhere in other investigations
related to breast cancer (Jin et al, 2014). GOcats-augmented ontology paths therefore
show promise in both allowing for additional information to be retrieved from annotation

enrichment analyses and for improving the statistical power of enrichment.

Discussion

In this study, we: i) demonstrated the increase in retrievable ontological
information content via reevaluating mereological relations to make them congruent with
respect to semantic scope, i) applied our new method GOcats toward the
categorization and utilization of the GO Cellular Component sub-ontology, iii) evaluated

the ability of GOcats and other mapping tools to relate HPA experimental to HPA
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knowledgebase GO Cellular Component annotation sources and iv) demonstrated
some improvements afforded by GOcats toward annotation enrichment experiments.
Our results indicate that, when compared to UniProt’s CV, GOcats’ mapping was able to
assign gene annotations from the UniProt and Ensembl database to subcellular
locations with greater accuracy when compared to a raw dataset of gene localization
annotations. It is important to note that UniProt’'s CV was not intended to be used as a
method to categorize gene annotations. Nevertheless, it is itself a DAG with a structure
comparable to GO and we analyzed the graph and mapped fine-grained terms to
general terms using the same techniques used for GO. Moreover, GOcats comparison
to M2S demonstrates similar mapping performance between the two methods, but with
GOcats providing important improvements in mapping, speed, ease of use, and
flexibility of use. Using GOcats, the user can create custom, GO slim-like filters to map
fine-grained gene annotations from GAFs to general subcellular compartments without
needing to hand-select a set GO terms for categorization. We have used this
functionality to automatically map gene annotations from Ensembl and UniProt-GOA
knowledgebases and compared these localization assignments to manually-assigned
localizations taken from high-throughput immunohistochemistry experiments performed
by the HPA [13]. We show that GOcats allows a robust organization of Cellular
Component into user-specified categories, while providing more automation than
current methods. Furthermore, we demonstrate GOcats’ ability to query and organize
gene-specific annotations from knowledgebases into experimentally-verified general
subcellular locations with safer scoping utilization over other methods that require

specific versions of GO. We demonstrate GOcats’ utility for evaluating annotation
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assignment consistency between raw experimental data and knowledgebase data,
highlighting this software’s promise for knowledgebase curation and quality control.
Finally, we showed that GOcats’ improves the statistical power of annotation enrichment
analyses, enabling the detection of statistically significant enriched annotations that
would otherwise be missed due to the loss of information from excluded has_part

relations.

Issues with other methods

Other methods used to summarize or categorize GO terms into biologically
relevant concepts: i) rely heavily on static and manually-maintained GO slims, ii) require
the user to create GO slims by hand-selecting GO terms and creating a GO slim from
scratch, or iii) require the user to perform post-analysis categorization of GO terms,
typically enriched GO terms from gene enrichment studies. Caveats of such methods
include burdening the user with the tasks of finding and editing, or even creating the
appropriate GO slims to suit their research, limiting categorization to only those
concepts that are explicitly defined in GO, and in the case of post-enrichment
categorization tools, limiting the statistical power of the analysis by not automatically
binning gene annotations into categories prior to enrichment. Until GOcats, there has
been no resource developed which categorizes GO terms into subsets representing
concepts without user-specification of individual GO terms or the use of GO slims,

which operates using only the “expected” DAG structure of GO.

M2S is one widely-utilized GO term categorization method that is available as
part of the OWLTools Java application (OWLTools, 2015). The Perl version of M2S has

been integrated into the Blast2GO suite since 2008 (Go6tz et al, 2008; Chris Mungall
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BDGP, 2013) and this gene function annotation tool has been cited in over 1500 peer-
reviewed research articles (Google Scholar as of Nov. 28, 2017). We tested to ensure
that the Perl and Java versions of M2S produced the GO term mappings for a given
dataset and GO slim, and therefore had the same mapping errors (see Methods,
Supplemental Data 5). Although the number of pMgs reported in the results represent
the upper limit of the possible erroneous mappings, the fact that at least 120,000 of
these exist in GO for the has_part relation alone or that the removal of this edge type
results in up to an 11% reduction of information content provide bounds on the scope of
the issue. This can be appreciated in the disagreements among the subgraphs created
by M2S and GOcats, particularly in the “plasma membrane” category. Here, M2S
provides results which imply that concepts such as “cell projection cytoplasm” are a
sub-concept of the term “plasma membrane” (Figure 3). Limiting information content to
avoid this issue represents a significant limitation to enrichment tools that naively utilize
the ontology structure to categorize enrichment terms. We designed GOcats to properly
incorporate scoping edges that are otherwise missed when categorizing GO. Since we
show that M2S encounters issues with categorization unless a scoping-safe ontology is
used (i.e. limited to is_a and part_of relations), improvements from GOcats could offer

far reaching effects.

Issues with semantic correspondence

As early as the late 1980s, explicit definitions of semantic correspondence for a
relation between ontological terms have been stressed in the context of relational
database design (Storey, 1993). This includes concepts of part-whole (mereology),

general-specific (hyponymy), feature-event, time-space (i.e spaciotemporal relations),
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and others. OBO’s and GO'’s ontological edges are directional insofar as their relations
accurately describe how the first node relates to the second node empirically, providing
axioms for deriving direct semantic inferences. However, the directionality of these
edges are ambiguous in that they do not explicitly describe how the terms relate to one
another semantically in terms of scope, and this is due largely to the lack of explicit

semantic correspondence qualifiers.

A simple way to avoid mapping problems associated with non-scoping relation
direction is to omit those relations from analysis. This strategy avoids incorrect scoping
interpretation at the expense of losing information. As an example, EMBL-EBI's
QuickGO term mapping service omits has_part type under its “filter annotations” by GO
identifier options (Binns et al, 2009). Furthermore, Bioconductor's GO.db (Carlson,
2016) also avoids mapping issues by indirectly omitting this relation; it uses a legacy
MySQL dump version of GO which does not contain relation tables for has_part. We
argue that while avoiding problematic relations altogether does avoid scope-specific
mapping errors, it also limits the amount information that can be gleaned from the
ontology. By eliminating has_part from graphs created by GOcats, we see a ~11%
decrease in information content (as indicated by a decrease in the number possible
mappings) in Cellular Component. Likewise, there is a 10% and 5% decrease of
information content in Molecular Function and Biological Process, respectively (Table 5).
Thus, omitting these relations from analyses removes a non-trivial amount of
information that could be available for better interpretation of functional enrichment.
However, the total impact is not completely appreciable here, because not all relations

were evaluated in this study; only the scoping relations of is_a, part_of, and has_part.
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The potential for additional information loss is very high in Biological Process, for
example, when considering the large number of unaccounted relations: regulates,
positively _regulates, and negatively regulates (Table 1). These relations add critical
additional regulatory information to ontological graph paths, which would also be lost
when ignoring the has_part relation, if they occurred along a path that also contained
has_part. The same is also true for Molecular Function, although the prevalence of

additional, non-scope relations are lower.

Furthermore, automated summarization of annotations enriched in gene sets
requires a more sophisticated evaluation of the scoping semantics contained in
ontologies, which prior tools are not fully equipped to provide. GOcats represents a step
toward a more thorough evaluation of the semantics contained within ontologies by
handling relations differently according to the linguistic correspondences that they
represent. In the case of relations such as has_part, this involves augmenting the
correspondence directionality when it is appropriate for the task at hand, which is to
organize terms into categories. As a prototypical proof-of-concept, we classified the is_a,
has_part, and part_of relations into a common “scoping” correspondence type and
manually assigned graph path tracing heuristics to ensure that they are all followed from

the narrower-scope term to the broader-scope term.

One caveat of this approach is that because of previously mentioned issues in
universality logic, the inverse of has_part is not strictly part_of, but rather part_of _some.
We argue that the unlikely misinterpretation of universality in this strategy is preferable
to the loss of information experienced when using cut-down versions of ontologies for

term categorization. To elaborate, most current situations calling for term categorization

36


https://doi.org/10.1101/306936
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/306936; this version posted April 24, 2018. The copyright holder for this preprint (which was not
certified by peer review) Is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under
aCC-BY 4.0 International license.

involve gene enrichment analyses. Spurious incorrect mappings through part_of some
edges would not enrich to statistical significance, unless a systematic error or bias is
present in the annotations. Even if a hypothetical term categorization resulted in
enrichment of a general concept that was not relevant to the system in question (i.e.
“nucleus” enriched in a prokaryotic system), it would be relatively simple to reject such
an assignment by manual curation and find the next most relevant term. Conversely, it
is not reasonable to manually curate all possible missed term mappings resulting from

the absence of an edge type in the ontology.

Another potential complication in semantic correspondence of relations is that
some relations are inherently ambiguous. The clearest example of this again can be
found in the well-utilized part_of relation. This relation is used to describe relations
between physical entities and concepts (e.g. “nuclear envelope” part_of
“endomembrane system”) and between two concepts (e.g. “exit from mitosis” part_of
“mitotic nuclear division”) with no explicit distinction. To address the former issue, future
work will augment our manual categorization of semantic correspondences through the
development of heuristic methods that identify and categorize these among the
hundreds of relations in the Relations Ontology (Relations Ontology, 2016; Smith et al,
2007). As a good starting point, we suggest using five general categories of relational
correspondence for reducing ambiguity (Table 1): scope (hyponym-hypernym),
mereological, a subclass of scope (meronym-holonym), spatiotemporal (process-

process, process-entity, entity-entity), active (actor-subject), and other.

Organization of Cellular Component with respect to “macromolecular complex”
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Our analysis of the overall structure of Cellular Component revealed some
unexpected properties. As mentioned previously, the category “macromolecular
complex” accounted for nearly two-thirds of the entire Cellular Component (2,083 terms),
with a moderate portion (~25%) only being rooted to “macromolecular complex” as
opposed to other sensible root locations such as “cytosol,” “cytoplasm,” or “extracellular.”
Upon closer inspection, some terms rooted only to “macromolecular complex” contained
implicit or explicit indications of being associated or contained within other subcellular
locations in their definition lines but had no relation with the location in question in the
GO graph. For example, “Sehl-associated complex” is defined as “A protein complex
that associates dynamically with the vacuolar membrane, and is proposed to have a
role in membrane-associated trafficking or regulatory processes...” However, within the
DAG this term has only one parent, “Protein complex” which has one parent,
“macromolecular complex.” Though it may be true that the annotators intentionally root
some terms conservatively, avoiding a part_of relation when a complex dynamically
associates with a compartment, it is unclear to us why this example and others like it do
not contain another root such as “cytosol” or “cytoplasm.” Nevertheless, GOcats allows
for the detection of such terms, which may be of use to GO curators and others

interested in evaluating the structural organization of GO.

Using GOcats to handle differences in semantic granularity

As our results indicate, discrepancies in the semantic granularity of gene
annotations in knowledgebases represent a significant hurdle to overcome for
researchers interested in mining genes based on a set of annotations used in

experimental data. As we show, utilizing only the set of specific annotations used in
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HPA'’s experimental data, M2S’s mapping matches only 366 identical gene annotations
from the knowledgebase, which is similar to when GOcats is provided with categories
matching that set (Figure 8a). GOcats solves this problem by allowing researchers to
easily define categories at a custom level of granularity so that categories may be
specific enough to retain biological significance, but generic enough to encapsulate a
larger set of knowledgebase-derived annotations. When we reevaluated the agreement
between the raw data and knowledgebase annotations using custom GOcats categories
for “cytoskeleton” and “nucleus”, the number of identical gene annotations increased to

776 (Figure 8b).

Using GOcats for curation and quality control

As GO continues to grow, automated methods to evaluate the structural
organization of data will become necessary for curation and quality control. For instance,
we recently collaborated in the evaluation of a method to automate auditing of potential
subtype inconsistencies among terns in GO (Abeysinghe et al, 2017). Because
GOcats allows versatile interpretation of the GO DAG structure, it has many potential
curation and quality control uses, especially for evaluating the high-level ontological
organization of GO terms. For example, GOcats can allow researchers to check the
integrity of annotations that are added to public repositories by streamlining the process
of extracting categories of annotations from knowledgebases and comparing them to
the original annotations in the raw data. Interestingly, about one-third of the genes
annotated with high-confidence in the HPA raw data were missing altogether from the
EMBL-EBI knowledgebase when filtered to the HPA-sourced annotations. While this

surprised us, the reason appears to be due to HPA’s use of two separate criteria for
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“supportive” annotation reliability scores and for knowledge-based annotations. For
“supportive” reliability, one of several conditions must be met: i) two independent
antibodies vyielding similar or partly similar staining patterns, ii) two independent
antibodies vyielding dissimilar staining patterns, both supported by experimental
gene/protein characterization data, iii) one antibody yielding a staining pattern
supported by experimental gene/protein characterization data, iv) one antibody yielding
a staining pattern with no available experimental gene/protein characterization data, but
supported by other assay within the protein atlas, and v) one or more independent
antibodies yielding staining patterns not consistent with experimental gene/protein
characterization data, but supported by siRNA assay (Uhlen et al, 2015; Data Quality
Assurance and Scoring, 2016). Meanwhile knowledge-based annotations are
dependent on the number of cell lines annotated; specifically, the documentation states,
“Knowledge-based annotation of subcellular location aims to provide an interpretation of
the subcellular localization of a specific protein in at least three human cell lines. The
conflation of immunofluorescence data from two or more antibody sources directed
towards the same protein and a review of available protein/gene characterization data,
allows for a knowledge-based interpretation of the subcellular location” (Uhlen et al,
2015; Assays and Annotation, 2016). Unfortunately, we were unable to explore these
differences further, since the experimental data-based subcellular localization
annotations appeared aggregated across multiple cell lines, without specifying which
cell lines were positive for each location. Meanwhile, tissue- and cell-line specific data,
which contained expression level information, did not also contain subcellular

localizations. Therefore, we would suggest that HPA and other major experimental data
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repositories always provide a specific annotation reliability category in their distilled
experimental datasets that matches the criteria used for deposition of derived
annotations in the knowledgebases. Such information will be invaluable for performing
knowledgebase-level evaluation of large curated sets of annotations. One step better
would involve providing a complete experimental and support data audit trail for each
derived annotation curated for a knowledgebase, but this may be prohibitively difficult

and time-consuming to do.

Using GOcats for annotation enrichment

While we reported the loss of information available for annotation enrichment
with has_part excluded from GO and quantified the effect of incorrect inferences that
can be made if has_part is included in GO during enrichment, these results only
represent hypothetical effects that might be overcome when GOcats reinterprets this
relation. One of GOcats’ original intended purposes was to improve the interpretation of
results from annotation enrichment analyses. However, in the process of designing
heuristics to appropriately categorize GO terminology, we also sought to overcome the
limitations that come with following the traditional methods of path tracing along
relations in GO. Here we focused on overcoming the loss of information encountered
when ignoring has_part relations. Our solution was to re-evaluate these relations under
the logic of part_ of some and invert the direction of has_part. While this re-
interpretation is limited in usage, we believe that in the scope of annotation enrichment

it is valid for reasons previously explained.

In our evaluation of enrichment results comparing GOcats ancestor paths to

traditional GO ancestor paths in the enrichment analysis of a publicly-available breast
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cancer dataset, we demonstrate a highly statistically significant improvement (p=1.86E-
25) in the statistical power of annotation enrichment analysis. Specifically, 182 out of
217 significantly enriched GO terms from the traditional analysis had improved p-values
in the GOcats-enhance enrichment analysis. Moreover, we detect significantly
enriched GO terms in the GOcats’ results that were not detected using the traditional
analysis. The inclusion of the re-interpretation of has_part edges allowed for the
significant enrichment (adjusted-p < 0.002 with FDR set to 0.05) of four terms related to
purinergic nucleotide receptor signaling which has been implicated in predicting breast
cancer metastasis in other studies (Jin et al, 2014). Fundamentally, the addition of
part_of some interpretation of has_part relations provides additional annotation
information that can be aggregated in additive manner during annotation enrichment
analysis, preventing the misinterpretation of part_of some relations. In turn, the
additional annotation information improves the statistical power of the annotation
enrichment analysis, allowing the detection of additional enriched annotations with

statistical significance from the same dataset.

To conclude, GOcats enables the simultaneous extraction and categorization of
gene and gene product annotations from GO-utilizing knowledgebases in a manner that
respects the semantic scope of relations between GO terms. It also allows the end-user
to organize ontologies into user-defined biologically-meaningful concepts, lowering the
bar for extracting useful information from exponentially growing scientific
knowledgebases and repositories in a semantically safer manner. GOcats is a versatile
software tool applicable to data mining, annotation enrichment analyses, ontology

guality control, and knowledgebase-level evaluation and curation.
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Materials and Methods

Creation and visualization of generalized GO Cellular Component categories

We provided GOcats with the GO graph, data-version: releases/2016-01-12 and
sets of keywords representing each subcellular-specific location identified in HPA's
high-throughput immunohistochemistry experiments (Table 7), in addition to other
pertinent localizations (Table 2). To assess the relative size and structure of subgraphs
within GO, we visualized the category subgraphs as a network using Cytoscape 3.0
(Shannon et al, 2003) (Figure 4a-c). GOcats outputs a dictionary of individual GO term

keys with a list of category-defining root-node values as part of its normal functionality.

Creating category mappings from UniProt’s subcellular location controlled vocabulary

We created mappings from fine-grained to general locations in UniProt’s
subcellular location CV (The UniProt Consortium, 2015a) for comparison to GOcats. To
accomplish this, we parsed and recreated the graph structure of UniProt’s subcellular
locations CV file (The UniProt Consortium, 2015b) in a manner similar to the parsing of
GO (Figure 5). Briefly, the flat-file representation of the CV file is parsed line-by-line and
each term is stored in a dictionary along with information about its graph neighbors as
well as its cross-referenced GO identifier. We made the assumption that terms without
parent nodes in this graph are category-defining root-nodes, and created a dictionary
where a root-node key links to a list of all recursive children of that node in the graph.
Only those terms with cross-referenced GO identifiers were included in the final
mapping. The category subgraphs created from UniProt were compared to those with

corresponding category root-nodes made by GOcats. An inclusion index, |, was
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calculated by considering the two subgraphs’ members as sets and applying the

following equation:

_ |SpnSg|
|Sn|

(1)

where S, and Sy are the set of members within the non-GOcats-derived category and
GOcats-derived category, respectively. It is worth noting here that the size of the
UniProt set was always smaller than the GOcats set. This is due to the inherent size

differences between UniProt’'s CV and the Cellular Component sub-ontology.
Creating category mappings from Map2Slim

The Java implementation of OWLTools’ Map2Slim (M2S) does not include the
ability to output a mapping file between fine-grained GO terms and their GO slim
mapping target from the GAF that is mapped. To compare subgraph contents of GOcats
categories to a comparable M2S “category,” we created a special custom GAF where
the gene ID column and GO term annotation column of each line were each replaced by
a different GO term for each GO term in Cellular Component, data-version:
releases/2016-01-12. We then allowed M2S to map this GAF with a provided GO slim.
The resulting mapped GAF was parsed to create a standalone mapping between the
terms from the GO slim and a set of the terms in their subgraphs (Supplemental Data 6

a, b).
Mapping gene annotations to user-defined categories

To allow users to easily map gene annotations from fine-grained annotations to

specified categories, we added functionality for accepting GAFs as input, mapping
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annotations within the GAF and outputting a mapped GAF into a user-specified results
directory, a process summarized in Figure 1b. The input-output scheme used by
GOcats and M2S are similar, with the exception that GOcats accepts the mapping
dictionary created from category keywords, as described previously, instead of a GO
slim. GAFs are parsed as a tab-separated-value file. When a row contains a GO
annotation in the mapping dictionary, the row is rewritten to replace the original fine-
grained GO term with the corresponding category-defining GO term. If the gene
annotation is not in the mapping dictionary, the row is not copied to the mapped GAF,
and is added to a separate file containing a list of unmapped genes for review. The
mapped GAF and list of unmapped genes are then saved to the user-specified results

directory.

Visualizing and characterizing intersections of category subgraphs

To compare the contents of category subgraphs made by GOcats, UniProt CV,
and M2S, we took the set of subgraph terms for each category in each method,
converted them into a Pandas DataFrame (McKinney, 2010) representation, and plotted
the intersections using the pyUpSet python module (pyUpSet, 2016; Lex et al, 2014).
Inclusion indices were also computed for M2S categories using Equation 1. Jaccard
indices were computed for every subgraph pair to evaluate the similarity between

subgraphs of the same concept, created by different methods.
Evaluating false mapping potential and possible true mapping pairs in GO
To determine how significant mapping issues are as a result of semantic scope

inconsistencies with has_part relations, we built the GO graph, data-version:
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releases/2016-01-12 using only the scoping relations is_a, part_of, and has_part edges,
while omitting other relation edges in the graph, such as regulates, happens_during,
and ends_during. Next, we counted the number of potential false mappings (pMg) that
could result if has_part was left in its unaltered directionality; i.e. the edge directionality
that currently exists in GO. To accomplish this, we define sets of potentially problematic

ancestors (PA.) for every has_part edge (e) as

PAe = {Aechild + echild} - {Aepar + epar} (2)

where Aechiq and Aepa are sets of nodes that are ancestors of the edge’s child and
parent nodes, respectively, and echiq and epsr are the edge’s parent and child nodes.
Similarly, we define the potentially problematic descendants (PD,) for every has_part

edge (e) as

PDe = {Depar + epar} - {Dechild + echild} (3)

where Depar and Deghig are sets of nodes that are descendants of the edge’s parent and
child nodes, respectively. We then calculate the potential mappings that can occur

across each edge, e by the following:
pMF,e ={(d;a)|d€PDe;aEPAe} (4)

The total number of potential false mappings that can result from an edge type, in this

case the has_part relation, is given by
pMF = |UZ=1 pMF,e| (5)

Finally, we calculate the number of total possible true mappings (M) between any two

arbitrary nodes (ns, ny) in a given sub-ontology graph (G) in GO:
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M; = |{n,anc N nydesc | n, € G; n, € G}| (6)

In Equation 6, we used GOcats to calculate the possible number of true mappings while

considering is_a, part_of, and re-evaluated has_part (part_of _some) relations in GO.
Evaluating potential false mappings created by Map2SIim

Using the same method that we used to create mappings from M2S, we
performed an all-against-all mapping for every term in GO, data-version: releases/2016-
01-12. However, because M2S’s custom term list option removes terms subsumed by
other mappings, we were forced to perform separate mappings for each GO term; e.qg.
the entire GO was mapped to one GO term at a time for each ~44,000 terms. These
computations were done in parallel on a TORQUE cluster to complete the calculations
in a reasonable amount of time. We combined and converted the results into a set of
ordered term pairs (Mpair,m2s), Where the first position is the mapped term and the
second position is the term to which the first is mapped; self-mappings were ignored.
Using the GOcats’ evaluation of the three scoping relations, is_a, part_of, and has_part,
to create the correct set of mappings n a scoping paradigm, we defined the set of

potentially false M2S mappings (pMs m2s) as

pr,MZS = {Mpair,MZS} - ({Mpair,MZS} n {Mpair,GOcats(scoping)}) (7)

where Mpair,cocats(scoping) 1S the set of ordered GO term mapping pairs produced from
GOcats, under the constraint that only scoping relations were used in the graph (is_a,
has_part, and part_of). The ratio of potential false scoping-type mappings to correct

scoping mappings produced by M2S (M2Seor) iS given by
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M2S,,,g = ——Mtrmzs] ®)

|{Mpair,GOcats(scoping)}|

To look specifically at individual sub-ontologies, we filtered the M2S mapping pairs to
those where both terms were a member of each sub-ontology. These were also
intersected with the full set of GOcats mapping pairs. Scripts for generating these

results can be found in Supplemental Data 7.

Assigning generalized subcellular locations to genes from the knowledgebase and

comparing assignments to experimentally-determined locations

We first mapped two GAFs downloaded from the EMBL-EBI QuickGO resource
(Binns et al, 2009) using GOcats, the UniProt CV, and M2S. We filtered the gene
annotations by dataset source and evidence type, resulting in separate GAFs containing
annotations from the following sources: UniProt-Ensembl, and HPA. Both GAFs had the
evidence type, inferred from Electronic Annotation (IEA), filtered out because IEA is
generally considered to be the least reliable evidence type for gene annotation and in
the interest of minimizing memory usage. We used this data to assess the performance
of the mapping methods in their ability to assign genes to subcellular locations based on
annotations from knowledgebases by comparing these assignments to those made
experimentally in HPA'’s localization dataset (Figure 8a). Comparison results for each
gene were aggregated into 4 types: i) “complete agreement” for genes where all
subcellular locations derived from the knowledgebase and the HPA dataset matched, ii)
“partial agreement” for genes with at least one matching subcellular location, iii) “partial
superset” for genes where knowledgebase subcellular locations are a superset of the

HPA dataset, iv) "no agreement" for genes with no subcellular locations in common,
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and v) “no annotations” for genes in the experimental dataset that were not found in the

knowledgebase.

The HPA source was chosen because primary data from high-throughput
immunofluorescence-based gene product localization experiments exist in publicly-
accessible repositories and have been inspected by experts and given a confidence
score (Uhlen et al, 2015). Only gene product localizations with a “supportive” confidence
score were used for this analysis (n=4795). We created a GO slim by looking up the
corresponding GO term for each location in this dataset with the aid of QuickGO term
basket and filtering tools. The resulting GO slim served as input for the creation of
mapped GAFs using M2S. To create mapped GAFs using GOcats, we entered
keywords related to each location in the HPA dataset (Table 7). We matched the
identifier in the “gene name” column of the experimental data with the identifier in the
“database object symbol” column in the GAF to compare gene annotations. Our
assessment of comparing the HPA raw data to mapped gene annotations from the
knowledgebase represents the ability to accurately query and mine genes and their
annotations from the knowledgebase into categories of biological significance. Our
assessment of comparing the methods’ mapping output to the HPA raw dataset
represents the ability of these methods to evaluate the representation of HPA'’s latest

experimental data as it exists in public repositories.

Comparing mapping functionality between the Java and Perl versions of Map2Slim

To ensure that the same mapping errors encountered using the Java version of
M2S, which is integrated in OWLTools, are also present in the Perl version of M2S

(Chris Mungall BDGP, 2013), which is integrated in Blast2GO, we tested whether the

49


https://doi.org/10.1101/306936
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/306936; this version posted April 24, 2018. The copyright holder for this preprint (which was not
certified by peer review) Is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under
aCC-BY 4.0 International license.

mapping functionality was consistent between the two versions. Since the Perl version
only supports GO slims and does not support custom specification of a list of GO terms,
we compared the output of each version’s mapping of the HPA-sourced knowledge
data to the “generic” GO slim dataset (GO Slim and Subset Guide). Since some minor
GAF formatting differences exist between the output files, we wrote a script to directly
compare the gene-to-GO annotation mappings made by each version (Supplemental

Data 5).

Annotation enrichment analysis of breast cancer dataset

To evaluate the effects that GOcats ancestor paths had on real data we
performed GO annotation enrichment using categoryCompare (Flight et al, 2014)—and
an updated version of the GO graph, data-version: releases/2017-12-02—on an
Affymetrix microarray dataset of ER+ breast cancer cells with and without estrogen
exposure (Huber & Gentleman, 2017). In this dataset, we ignored time point information
and only considered data associated with the presence and absence of estrogen
exposure. categoryCompare can consider GO ancestor terms for annotated terms in
the experimental dataset when calculating enrichment. We therefore created two
mapping dictionaries in Python where keys are each term in GO and values are a set of
its ancestor terms in the GO graph. For the traditional method of inferring ancestors, we
created this mapping from a version of the GO graph with the has_part relation omitted.
For testing GOcats’ effect on enrichment, we created a version of this mapping with the
has_part relation re-interpreted as part_of some. We applied these ancestor mappings

to all annotations in the human GOA database, generated: 2017-11-21 08:07 (Barrell et
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al, 2009). R scripts and Python scripts for generating the enrichment results can be

found in Supplemental Data 8.

To compare FDR-adjusted (target FDR=0.05) p-values between enrichment
results produced by GOcats ancestors and traditional ancestors, we filtered the
enriched terms identified by the traditional method with an alpha cutoff of 0.01 and
counted the number of terms identified by GOcats’ analysis whose adjusted p-value
was less than the traditional analysis. Identical adjusted p-values were ignored. We then
performed a one-sided binomial test (i.e. “coin-toss analysis” with directional change
from 0.5) comparing the number of significantly enriched adjusted p-values that
improved with GOcats versus total number of enriched terms found in the traditional
analysis (with identical adjusted p-values excluded). To identify uniquely enriched terms
found using the GOcats-enhanced enrichment analysis, we compared the sets of
significantly enriched terms (alpha cutoff 0.01 for adjusted p-values) in each enrichment

results table and selected terms only found in the GOcats-enhanced set.

Availability and Future Directions

The Python software package GOcats is an open-source project under the BSD-
3 License and available from the GitHub repository
https://github.com/MoseleyBioinformaticsLab/GOcats . Documentation can be found at
http://gocats.readthedocs.io/en/latest/. All results are available on the FigShare
repository https://figshare.com/s/cclabe7e2e5c4ae09500 with the specific code used to
generate these results found on the FigShare repository

https://figshare.com/s/26b336a06946a9248e08.
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We are actively developing the codebase and appreciate any contributions and
feedback provided by the community. We are extending the APl and adding additional

capabilities to handle more advanced annotation enrichment analysis use-cases.
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Figure 1 — GOcats data flow diagram for subgraph creation and GAF mapping.

A) GOcats enables the user to extract subgraphs of GO representing concepts as

defined by keywords, each with a root (category-defining) node.

B) Subgraphs extracted by GOcats are used to create a mapping from all sub-
nodes in a set of subgraphs to their category-defining root node(s). This allows the user

to map gene annotations in GAFs to any number of customized categories.
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Figure 2 — Flowchart of the GOcats’ subgraph creation method. Individual steps

occur in the designated numerical order, with conservative and greedy modes indicated

by steps 5a and 5b, respectively.
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Figure 3 — The has_part relation creates paths with of varying semantic scoping
which confuses mapping within GO. Some tools may create questionable GO term
mappings, i.e. “nuclear envelope” to “plasma membrane,” since the has_part relation
edges point in from super-concepts to sub-concepts. GOCats avoids this by re-

interpreting the has_part edges into part_of_some edges.
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Endosome

Figure 4 — Extracted GO subcellular localization subgraphs form a network with
expected connectivity patterns. Blue nodes indicate category-representative nodes
and grey nodes represent fine-grained GO terms that are part of their respective
subgraphs. Edges connect fine-grained terms to their GOcats-assigned representative

node(s). Images were created using Cytoscape 3.0 (Shannon et al, 2003).

A) Network of 25 categories whose subgraphs account for 89% of the GO cellular

component sub-ontology.
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B) Network of 24 categories, with the “Macromolecular complex” subgraph left out

for better visualization of the remaining categories.
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(03] Network of 20 categories used in the Human Protein Atlas subcellular localization

immunohistochemistry raw data.
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Uniprot subcellular
location CV
-Expertly curated
-Relatively small
-Top-most terms describe
literal compartments

Parse ( Top-level

terms
Recreate graph | .onsidered

structure locally top nodes
only terms with Graph
corresponding GO collapsed to

IDs saved

tree in this

example
Identify

Locally stored subDAGs corresponding
subDAG
Endosome 4‘ X 1
" *Redundancy is eliminated before finalizing the
Uniprot subgraph
Mitochondria Nucleus Compare set contents
\]

Inclusion _  |yniprot subgraph| n |GO subDAG
index |Uniprot subgraph|

Figure 5 — Flowchart of the UniProt subcellular location CV subgraph creation

method and inclusion index equation.
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Figure 6 — Visualizing the degree of overlap between the category subgraphs
created by GOcats, Map2Slim, and the UniProt CV. Plots were created using the
Python package: PyUpset (pyUpSet, 2016) and represent the subgraphs created from
mapping fine-grained terms in GO to the indicated general category using the indicated
mapping method for: A) Macromolecular Complex; B) Nucleus; C) Plasma Membrane.

Plots for the 22 additional categories can be found in Supplemental Data 1a-v.
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Raw gene-localization
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Figure 7 — Methods overview of knowledgebase gene annotation mapping and

comparison to Human Protein Database subcellular localization raw data.
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A UniProt-Ensembl-derived annotations compared to HPA raw data annotations
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Figure 8 — Comparison of UniProt-Ensembl knowledgebase annotation data
mining extraction performance by GOcats, Map2Slim, and UniProt CV. “Complete
agreement” refers to genes where all subcellular locations derived from the
knowledgebase and the HPA dataset matched, “partial agreement” refers to genes with
at least one matching subcellular location, “partial agreement is superset” refers to
genes where knowledgebase subcellular locations are a superset of the HPA dataset
(these are mutually exclusive to the “partial agreement” category), "no agreement”
refers to genes with no subcellular locations in common, and “no annotations” refers to
genes in the experimental dataset that were not found in the knowledgebase. The more-

generic categories used in panel B can be found in Table 8.
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A) Number of genes of the given agreement type when comparing mapped gene
product annotations assigned by UniProt and Ensembl in the EMBL-EBI
knowledgebase to those taken from The Human Protein Atlas’ raw data.
Knowledgebase annotations were mapped by GOcats, Map2Slim, and the UniProt CV

to the set of GO annotations used by the HPA in their experimental data.

B) Shift in agreement following GOcats’ mapping of the same knowledgebase gene
annotations and the set of annotations used in the raw experimental data using a more-
generic set of location terms meant to rectify potential discrepancies in annotation

granularity.
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HPA raw data-HPA knowledgebase data comparison using custom GQcats categories

B HPA categories
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Partial agreement Partial agreement is superset No agreement No annotations

0
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Figure 9 — Comparison of HPA knowledgebase derived annotations to HPA
experimental data. Number of genes in the given agreement type when comparing
gene product annotations assigned by HPA in the EMBL-EBI knowledgebase to those
in The Human Protein Atlas’ raw experimental data. “Complete agreement” refers to
genes where all subcellular locations derived from the knowledgebase and the HPA
dataset matched, “partial agreement” refers to genes with at least one matching
subcellular location, “partial agreement is superset” refers to genes where
knowledgebase subcellular locations are a superset of the HPA dataset (these are
mutually exclusive to the “partial agreement” category), "no agreement” refers to genes
with no subcellular locations in common, and “no annotations” refers to genes in the
experimental dataset that were not found in the knowledgebase. The more-generic

categories used in panel B can be found in Table 8.
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m P-value less in GOcats paths

m P-value greater in GOcats paths

one-sided binomial testp = 1.8624E-25

Figure 10 — Comparing p-values of significantly-enriched annotations using

GOcats paths vs excluding has_part edges. The majority of significantly-enriched

GO terms had an improved p-value when GOcats re-evaluated has_part edges for the

enrichment of the cancer data set in this investigation.

Tables and Table Legends

Table 1 — Prevalence of relations in the Gene Ontology and suggested semantic

correspondence classes to reduce ambiguity.

Preval
ence
Prevalenc | Prevalen | in GO
Prevalenc | ein GO ce in GO | Molec
ein GO Cellular Biologic | ular
Relationshi All sub- Compone | al Functi Correspondence Correspondence
p ontologies | nt Process | on Class members
is_a 72455 5591 54689 | 12175 Scoping hyponym "is_a"
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(hyponymy) hypernym
meronym "part_of"
part_of 8613 1702 5751 1160 | Scaling (meronymy) holonym
holonym "has_part"
has_part 736 156 339 241 | Scaling {(meronymy) meronym
process
happens_d Spatiotemporal "happens_during"
uring 24 0 24 0 | (process-process) process
process
ends_durin Spaciotemporal "ends_during"
g 1 0 1 0 | (process-process) process
process "occurs_in"
entity
Spaciotemporal OR
(process-entity or process "occurs_in"
occurs_in 181 0 180 1 process-process) process
Active (actor- actor "regulates"
regulates 3368 0 3322 46 subject) subject
actor
positively r Active (actor- "positively_regulates
egulates 2916 0 2880 36 subject) " subject
actor
negatively Active (actor- "negatively_regulate
regulates 2937 0 2285 52 subject) s" subject
regulated_b Active (actor- subject
v 0 0 0 0 subject) "regulated_by" actor
Spatiotemporal
before* 0 0 0 0 (prior-latter) prior "before" latter

¥ These relationships are not found in go but are
part of the Relations Ontology

Table 2 — Summary of 25 example subcellular locations extracted by GOcats.

. Nodes Nodes | Seede
Predicted seede
representat d added d
Subgraph . P . during | nodes Total
User-input keywords ive from )
name graph | notin nodes
term keywo .
extensi | subgra
(ID) rd on h
search P
aggresome
aggresome, aggresomal, (GO:001623
Aggresome | aggresomes 5) 1 0 0 1
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bacterial-
type
flagellum
(GO:000928

Bacterial bacterial, bacteria, bacterial-type | 8) 136 1 121 16
Cell junction

Cell (GO:003005

Junction junction 4) 68 16 34 50
chromosom
e

Chromosom | chromosome, chromosomal, (GO:000569

e chromosomes 4) 120 122 31 211
Cytoplasm
(GO:000573

Cytoplasm cytoplasm, cytoplasmic 7) 296 1061 160 1197
secretory
granule

Cytoplasmic (GO:003014

Granule granule, granules 1) 81 16 50 47
cytoskeleto
n

Cytoskeleto (GO:000585

n cytoskeleton, cytoskeletal 6) 78 194 47 225
cytosol
(GO:000582

Cytosol cytosol, cytosolic 9) 56 51 28 79
endoplasmi

Endoplasmi c retuculum

C endoplasmic, sarcoplasmic, (GO:000578

Reticulum reticulum 3) 113 39 51 101
endosome

endosome, endosomes, (GO:000576

Endosome endosomal 8) 67 15 24 58
extracellular
region
(GO:000557

Extracellular | extracellular, secreted 6) 142 123 85 180
golgi
apparatus

Golgi (GO:000579

Apparatus golgi 4) 67 12 25 54
lysosome
(GO:000576

Lysosome lysosome, lysosomal, lysosomes 4) 42 7 16 33

Macromolec macromolec

ular ular

Complex protein, macromolecular complex 1317 969 184 2102
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(G0:003299
1)

microbody
(GO:004257
Microbody microbody, microbodies 9) 4 20 0 24
mitochondri
on
Mitochondri | mitochondria, mitochondrial, (GO:000573
on mitochondrion 9) 134 2 44 92
neuron part
neuron, neuronal, neurons, (GO:009745
Neuron Part | synapse 8) 90 94 35 149
nucleolus
(GO:000573
Nucleolus nucleolus, nucleolar 0) 25 11 12 24
nucleus
(GO:000563
Nucleus nucleus, nuclei, nuclear 4) 288 340 118 510
other
organism
Other (GO:004421
Organism other, host, organism 5) 369 12 259 122
plasma
membrane
Plasma (GO:000588
Membrane | plasma 6) 308 302 164 446
plastid
(GO:000953
Plastid plastid, chloroplast 6) 95 48 8 135
thylakoid
(GO:000957
Thylakoid thylakoid, thylakoids 9) 52 22 11 63
vesicle
(GO:003198
Vessicle vesicle, vesicles 2) 198 90 85 203
viral
occulsion
body
(GO:003967
Viral virion, virus, viral 9) 93 1 26 68

Expected representative
Unexpected representative
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Table 3 — Agreement summary between corresponding GOcats and UniProt CV

subgraphs.
Inclusion Jaccard GOcats subgraph UniProt CV
Location Category | TermID Index Index size subgraph size
Bacterial-type G0:00092
Flagellum 88 1 0.0625 16 1
G0:00300
Cell Junction 54 0.47619 0.163934 50 21
G0:00056
Chromosome 94 1| 0.0189573 211 4
G0:00057
Cytoplasm 37 0.809524 | 0.0141549 1197 21
Endoplasmic G0:00057 0.818182 | 0.0873786 101 11
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Reticulum 83
G0:00057

Endosome 83 1 0.241379 58 14

Extracellular G0:00055

Region 76 0.5625 | 0.0481283 180 16
G0:00057

Golgi Apparatus 94 0.8 0.142857 54 10
G0:00057

Lysosome 64 1| 0.0909091 33 3
G0:00057

Mitochondrion 39 1| 0.0978261 92 9
G0:00056

Nucleus 34 1| 0.0294118 510 15
G0:00095

Plastid 36 0.846154 0.307692 135 52

Table 4 — Agreement summary between corresponding GOcats and Map2SIlim

subgraphs.
Location Term ID Inclusion | Jaccard GOcats Map2Slim "Has_part"
Category Index* Index | subgraph size | subgraph size relationships
G0:001
Aggresome 6235 1 1 1 1 0
Bacterial-type G0O:000
Flagellum 9288 1 ! 16 16 8
. G0:003 0.98039
Cell Junction 0054 0.980392 ) 50 51 4
Chromosome GO:000 | 0.984375 | 0.88317 211 192 40
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5694 8
Cytoplasm E%:Soo 0.927273 04520? 1197 605 38
Cytoskeleton ;?5200 0.812274 0'81221 225 277 10
Cytosol ;?2:800 0.963415 0'96342 79 82 8
Sl e I :
Endosome 5;36:200 1 1 58 58 0
E);tgr;cnellular 55(37200 1 0.9277§73 180 167 )
Golgi Apparatus E%ZOO 1 1 54 54 0
Lysosome E%ZOO 1 1 33 33 0
2"03;32(0'““'“ 2539:203 0.947274 0'94722 2102 2219 232
Microbody 537:804 1 1 2 24 0
Mitochondrion E%;JOO 0.978723 09787; 92 94 8
Neuron Part 554?5;209 1 0'99322 149 148 22
Nucleolus ga%:goo 0.857143 0'85713 24 28 0
Nucleus gaé)g:goo 0.991684 0'92802 510 481 168
Other Organism 5;31:204 1 1 122 122 8
i}lzzmane gaé)égoo 0.563081 0'54703 446 753 20
Plastid Sggoo 0.992647 0'9926‘7‘ 135 136 0
i . T
Thylakoid ;5?7:800 1 1 63 63 0
Vesicle f;;go‘o’ 0.981132 0'75722 203 159 12
;/:)r;\l/Occlusmn 9627803 1 0.014;8 68 1 4

¥ Inclusion index quantifies the extent to which the smaller subgraph is included in
the larger subgraph
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Table 5 — Prevalence of potential has_part relation mapping errors in GO.

Potenti
al False True
Mappin | Mappin Lost
gs gs Mappin
M; pMe= | without gs
Estimated Potential True B epM; - HP (M; -
Sub-Ontology False Mappings Mappings ep (M & (a_poMr | 1a_rolMIT)
(epMg) (M) M epM) )* *
639
Cellular component 30036 56025 6 23640 49679 6346
174
Molecular function 10074 62436 6 8328 56194 6242
Biological process 93092 555543 | 327 89815 | 527869 27674
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* |A_PO refers to a graph created with only is_a and part_of
relationship edges.

Table 6 — Summary of GO term mapping errors resulting from misevaluation of

relations with respect to semantic scoping.

Potentially
false
Map2Slim Map2Slim
Mappings Correct Possible
GOcats PME vzs = Mappings Map2Slim
Map2Slim Scoping Moair,m2s - My vzs = Percent Error
Ontology Mappings Mappings (Mpair,MZS 5] Mair,m2s PMe,m2s /
(Mpair,MZS_ont)* (Mpair,Gocats_ont)* Mpair,Gocats_aII)* Mpair,Gocats_aII* Mpair,MZS_ont
All GO 1036141 820467 325180 710961 | 0.313837595
Cellular Component 71835 56025 22059 49776 | 0.307078722
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Molecular function 86163 62436 29955 56208 | 0.347655026
Biological process 878143 555543 273166 604977 | 0.311072342
* GOcats_all refers to GOcats-derived mapping pairs across all of GO,

while

GOcats_ont refers to GOcats-derived mapping pairs for the indicated

ontology in each row

Table 7 — Summary of 20 subcellular locations used in the HPA raw experimental

data extracted by GOcats.

Nodes
. Nodes | Seede
Predicted | seede
representa d added d
Subgraph . P . during | nodes Total
User-input keywords tive from .
name graph | notin nodes
term keywo .
extensi | subgra
(ID) rd on oh
search
. actin
Actin .
actin cytoskeleton cytoskelet 117 22 77 62
cytoskeleton on
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(GO:00156
29)

Aggresome

aggresome, aggresomal,
aggresomes

aggresome
(G0:00162
35)

Cell Junction

junction

cell
junction
(GO:00300
54)

68

16

34

50

Centrosome

centrosome

centrosom
e
(GO:00058
13)

10

Cytoplasm

cytoplasm, cytoplasmic

cytoplasm
(GO:00057
37)

296

1061

160

1197

Endoplasmic
Reticulum

endoplasmic, sarcoplasmic,
reticulum

endoplasm
ic
retuculum
(GO:00057
83)

113

39

51

101

Focal
adhesion

focal adhesion

focal
adhesion
(GO:00059
25)

29

28

Golgi
Apparatus

golgi

golgi
apparatus
(GO:00057
94)

67

12

25

54

Intercellular
bridge

intercellular bridge

intercellula
r bridge
(G0:00451
71)

24

19

Intermediate
filament
cytoskeleton

intermediate filament
cytoskeleton

intermedia
te filament
cytoskelet
on
(GO:00451
11)

126

118

Intracellular
membrane-
bounded
organelle
(vesicle®)

intrecellular membrane-bounded
organelle

Intracellula
r
membrane
-bounded
organelle
(GO:00432
31)

229

1116

118

1227
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109

Microtubule
end

microtubule end

microtubul
e end
(GO:19907
52)

138

133

Microtubule
organizing
center

microtubule organizing center

microtubul
@
organizing
center
(GO:00058
15)

110

34

95

49

Mitochondrio

n

mitochondria, mitochonrdial,
mitochondrion

mitochond
rion
(GO:00057
39)

134

44

92

Nuclear
membrane

nuclear memmbrane

nuclear
membrane
(G0:00319
65)

1151

1139

12

Nucleolus

nucleolus, nucleolar

nucleolus
(GO:00057
30)

25

11

12

24

Nucleoplasm

nucleoplasm

nucleoplas
m
(GO:00056
54)

10

125

131

Nucleus

nucleus, nuclei, nuclear

nucleus
(GO:00056
34)

288

340

118

510

Plasma
Membrane

plasma

plasma
membrane
(GO:00058
86)

308

302

164

446

¥ HPA conservatievly annotates "vessicles" as intracellular
membrane-bounded organelle

Expected representitive
Unexpected representitive
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Table 8 — Generic location categories used to resolve potential scoping

inconsistencies in HPA raw data.

HPA annotation GOcats-customized
category general HPA category

Actin cytoskeleton

Centrosome

Intermediate filament cytoskeleton
Microtubule cytoskeleton
Microtubule end

Cytoskeleton

Microtubule organizing center

Aggresome Aggresome

Cell junction Cell junction
Cytoplasm Cytoplasm
Endoplasmic reticulum Endoplasmic reticulum
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Focal adhesion
Golgi apparatus
intercellular bridge

Focal adhesion
Golgi apparatus
Intercellular bridge

intracellular membrane-bounded organelle intracellular membrane-bounded organelle

Mitochondrion Mitochondrion

Nucleus

Nucleoplasm Nucleus

Nuclear membrane

Nucleolus Nucleolus

Plasma membrane Plasma membrane

Table 9 — Summary of gene location category agreement between manually-
curated HPA raw data and GOcats/Map2Slim categorized HPA-derived

knowledgebase annotations.

Agreement
Notin
Location Complete | Partial | Superset® | None | Knowledgebase
Actin cytoskeleton 51 0 7 0 37
Aggresome 2 0 0 3 4
Cell Junction 36 0 17 0 51
Centrosome 58 3 17 0 49
Cytoplasm 1037 55 162 5 643
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Endoplasmic

Reticulum 66 1 7 0 39
Focal adhesion 27 5 9 0 17
Golgi Apparatus 159 5 43 0 137
Intercellular bridge 14 0 4 0 19
Intermediate

filament

cytoskeleton 18 1 4 0 23
Intracellular

membrane-bounded

organelle 283 6 50 1 212
Microtubule

cytoskeleton 35 2 9 0 27
Microtubule end 2 0 0 0 0
Microtubule

organizing center 32 0 5 0 14
Mitochondrion 263 4 55 0 154
Nuclear membrane 47 6 17 0 39
Nucleolus 266 10 69 6 163
Nucleoplasm 989 26 230 23 534
Nucleus 437 14 217 23 373
Plasma Membrane 265 12 55 0 225

fKnowledgebase genes mapped to a set of categories that is a superset of those
manually assigned by the HPA in raw data

* Numbers reflect how many times a location was involved in a particular
agreement type; sums of all locations for an agreement category do not indicate
the total number of genes for an agreement type.

Supporting Information Legends

S1 - Visualizing the degree of overlap between the category subgraphs created
by GOcats, Map2Slim, and the UniProt CV (additional categories). Plots were
created using the Python package: PyUpset (pyUpSet, 2016) and represent the
subgraphs created from mapping fine-grained terms in GO to the indicated general

category using the indicated mapping method.

S2 — List of GO terms mapped by Map2Slim to the term "plasma membrane"

(G0:0005886) that were not mapped to this location by GOcats.
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S3 — Comparing adjusted p-values between omitted has_part and GOcats’
part_of _some edges. Only terms with adjusted p-values < 0.01 in the omitted has_part
version were included for clarity. The full list of GO terms from the enrichment analysis

can be found in the results directory of S8.

S4 — Uniquely enriched terms between GOcats paths and traditional paths.

S5 — Python and shell scripts used to verify that the output of the Java and Perl

versions of Map2Slim are identical given the same dataset and GO term list.

S6 — Map2Slim data flow diagram and our alternative for producing a standalone

GO term mapping.

A) The Java version of Map2Slim is able to take a list of GO terms (or a GO slim
file), a gene annotation file (GAF) and a locally-saved GO database file, to create a GAF
with fine-grained terms mapped to the set of GO terms in the GO slim file or the

provided term list.

B) To create a standalone mapping file, we generated a custom GAF where each
GO term in the ontology was represented once and each gene name was renamed to
match each GO term ID. The resulting mapped GAF can then be parsed to create a

standalone mapping of all terms in GO to the set of slim terms.

S7 — Python, Perl, and shell scripts used to generate every GO term-to-GO term

mapping possible with Map2Slim.

S8 — Scripts for performing annotation enrichment of breast cancer data.
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