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Abstract

Statistical graphs are ubiquitous mechanisms for data
visualization such that most, if not all, enterprises commu-
nicate information through them. However, many graphs
are stored as unstructured images or proprietary binary ob-
jects, making them difficult to work with beyond the reports
in which they are embedded. While graphs can be mapped
to more common XML representations, these lack expres-
sive semantics to discover new knowledge about them or to
answer queries at various levels of granularity. This paper
describes an OWL ontology that facilitates the representa-
tion, exchange, reasoning and query answering of statistical
graph data. We illustrate the advantages of using an onto-
logical approach to discover and query about time-series
statistical graphs.

1. Introduction

Graphs (bar and line graphs, pie charts, stacked bar
graphs, etc.) are complex visual objects aimed at either
communicating or exploring numerical data [8]. As such,
most, if not all, enterprises (private companies, government
organizations and scientific communities) find themselves
in the situation of having to work with graphical representa-
tions of numerical data. However, few of these enterprises,
if any at all, have techniques and standards in place to ex-
change, search and query these graphical representations. In
fact, all graph workers can hope to do is store these repre-
sentations in their native application’s format (such as MS
Excel, SPSS, OpenOffice, JGraph, etc.) and simply work
with unstructured images (JPEG, GIF, etc.). Although un-
structured images of graphs may be enough in certain situa-
tions (e.g. during a business meeting, or for typesetting), it

seems it would be valuable to archive this graphs as struc-
tured or semi-structured representations for 1) the exchange
of graph information, 2) building new graphs from existing
graphs and 3) discovering new knowledge about the graph.

We have reason to believe (wrt (1) above) that once they
are used, graphs usually become archived and are rarely
referred to again. To our knowledge, this is so not be-
cause these graphs have lost their value, but because there
is currently no way of querying, retrieving and manipu-
lating those graphs. It is even problematic for users to
find these graphs, unless they know, for example, in which
Excel spreadsheet they created them, or where and under
what name they saved them [21]. Likewise, even if these
graphs could be retrieved, there is no structure in the graph-
ical information such that it would allow for simple query-
ing, such as asking whether the y-axis (or vertical axis)
is in “thousands of dollars”. In the same vein, (wrt (2)
above) even though unstructured information, like images
of graphs, can be exchanged easily over email or accessed
through databases, most statistical organizations must ex-
change structured information with their counterparts all
over the world. Exchanging raster, unstructured images is
usually not enough for these organizations. With respect to
(3) above, being able to query these graphical representa-
tions may provide a level of interaction with them not pos-
sible to-date.

It may appear that it is maybe more worthwhile to ex-
change the original data based on some business or other
domain ontology, rather than exchange the visualization of
the data. However, in creating graphs for mass consump-
tion, authors usually have some communicative purpose in
mind [6, 19]. While the data is a necessary condition of the
representation, merely adding structure to the data does not
seem to be enough as important information may be lost:
for instance, the author of the graph may have put special



effort in choosing one scale over another for the y-axis, may
have put text in parts of the graph will not otherwise be in-
cluded, may have highlighted part of the graph with a dif-
ferent color, may have assumed that by writing 2003, 2004,
etc. in the x-axis was enough to implicitly label the x-axis
as ‘year’, etc. The addition of this information requires a
semi-structured approach in which other groups can easily
add new knowledge to the graph.

Two additional related problems could be potentially
solved by adopting a semi-structured approach to represent-
ing graphical information. The first problem has to do with
the fact that images are sometimes not easily accessible in
certain contexts, such as users of small devices like PDAs
or cell phones. Given the small factor of the screen on
these devices, it is sometimes hard to display the full graph
image. A semi-structured graphical representation would
partly solve these issues by allowing intelligent zooming
of a rendered graph, or querying the important parts of the
graph with some intelligent user interface, etc. Second, it
is well known that North American governmental organi-
zations have an “accessibility” mandate, by which they are
to provide accessible information to a variety of people in
a variety of contexts [1, 18]. Graphical representations of
numerical data are quite inaccessible to blind and visually
impaired individuals, for example. If graphs carried more
structured information, for instance, it would be much eas-
ier to render these graphs in other modalities, such as tex-
tually. Inspiration for the present work was born from this
accessibility problem [12].

The purpose of this paper is to provide a rich formal
model (ontology) of graphical representations of numerical
data such that it becomes possible to reason about and query
the model. The model carries the spirit of our accessibility
work (i.e. its requirements), but we provide some evidence
that it may provide the basis for a solution to the other prob-
lems mentioned above; namely, i) the inability to retrieve
and semantically query graphs, ii) the inability to work with
a graph model that helps graph exchange, and, of course,
iii) the possibility of encoding graphs in other modalities
for certain demographics. We first start with a survey of
related work (Section 2), continue by detailing the ontol-
ogy development process (Section 3) and discussing some
important aspects of the final ontology (Section 4). We fin-
ish by providing some guidelines as to how the ontology
presented here may help to solve problems (i–iii) discussed
above (Section 5) and with a discussion of future work (Sec-
tion 6).

2. Related work

There is a large body of work on the different kinds
of knowledge needed to create an ontology for graphs;
namely, expressive yet decidable and tractable logics, spa-

tial, temporal and diagrammatic reasoning, cognitive stud-
ies on graph comprehension, etc. However, despite being
such ubiquitous objects, graphs (bar graphs, line graphs,
etc.) have not been studied as thoroughly in the knowledge
representation (KR) arena as other kinds of allegedly more
complex diagrams. For instance, in the diagrammatic repre-
sentation and reasoning literature [2, 3], graphs are usually
mentioned and categorized as diagrams, but their definition
using their composing objects and properties are rarely dealt
with. In all fairness, this “overlooking” is not hard to de-
fend, given that this literature is more concerned with gen-
eralizations about all diagrams, rather than the definition of
a simple subset.

Application specific data models provide insight into
graphs and their components. For example, Office Open
XML (commonly referred to as OOXML or Open XML) [9]
and Open Document Format [17], are XML-based file for-
mat specification for electronic documents such as memos,
reports, books, spreadsheets, charts, presentations and word
processing documents. These documents define, in the form
of XML schemas, all the elements of graphs, such as titles,
data points, axes, trend lines, etc. and how they must be
encoded to be readable in other applications. Even though
a good first step to a defining graphs and their components,
these specifications fall short in that they do not really for-
mally encode the relations that hold among graph objects,
except in maybe indirect ways. As it is, for instance, there
is no way of knowing, simple facts such that both the x-
axis and the y-axis of a graph are both axes of that graph,
or even deeper relations such that if x-axis categories are
in years (2001, 2002, etc.) that they stand for some time
interval.

Two projects that have tried to integrate many of the
techniques described above (a comprehensive graph object
model with the reasoning capabilities from the diagram-
matic reasoning literature) are those described in [21] and
[10]. In the first case, the author provides a solution to
graph search by storing graphical information in an XML
file (driven by a graph XML Schema) and later, when re-
trieved, rendering them graphically by the Scalable Vector
Graphics (SVG) standard tools. The querying of the XML
was carried out by pattern matching, and some inference
was carried out on the values of the y-axis to pose queries
such as “man && 3.1” to return the year at which that value
is present for the keyword “man”, say “2003”. As the author
points out, the inference mechanisms for this system is still
quite limited, and the graph representation model is only
an XML schema, with no (or only indirect) relationship be-
tween the composing objects and very limited querying as
to the visual objects composing graphs (such as axes, titles,
etc.).

In turn, in [10], the authors attempted a formal definition
of graphs and ways to query them by means of a formal
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language, albeit without the web interface of the previous
author. Although fairly comprehensive wrt the kind of in-
formation about graphs that it encoded, this work suffered
from the peculiarities of the modeling language used (Pro-
log). In that occasion, we had to limit ourselves to relatively
trivial relationships between objects and could say very lit-
tle about properties that involved some object property, as
more recent modeling languages allow. In recent work [11],
we designed an XML data structure to encode graphs to
support iGRAPH-Lite, an accessibility tool that represents
and queries the different parts of a graph in order to render
them accessible by a natural language interface. Although
comprehensive in the objects it allows, this representation
also fell prey to the generality of purpose of XML, com-
pared to RDFS and OWL [16].

The closest to a real ontology for (cartesian) graphs is
GraphRep, described in [7]. GraphRep, however, is not
exactly an ontology in itself, but a framework for map-
ping the visual components of a graph (lines, points, dis-
tances, text labels, etc. to a more general ontology of ab-
stract algebra, EngMath [14], which defines the conceptual
scheme of a mathematical domain (engineering mathemat-
ics). This latter domain includes concepts such as measure-
ment scales, length, time and vector quantities, to name but
a few. GraphRep then allows an ontology of some syntac-
tic graphical objects to be mapped to a conceptual modeling
ontology, effectively giving “meaning” to the former kinds
of objects. For example, in the case of Figure 1, the length
unit for each segment in each axis (expressed in centime-
ters, pixels, etc.) maps to a unit of measurement (0, 10, ...,
70 billions of dollars) for the y-axis and I, II, ..., or quarters
for the x-axis.

Quite a few of these mappings are reported in the paper
and, when possible, we have incorporated them. However,
at the time of [7] there was no alluding to any knowledge
representation language other than KIF [13], a language for
first-order logic in which knowledge encoded may be unde-
cidable for reasoning and there is no principled account of
where these objects and relations used in the ontology come
from, or their coverage.

The purpose of this paper is to extend the ontology de-
velopment effort of these early authors by publishing a
reusable graph ontology that is suitable for solving the prob-
lems mentioned in the introduction. The next section de-
scribes the methodology used to design and formalize the
graph ontology.

3. Methodology

3.1. Requirements

The requirements for the ontology presented here were
strongly influenced by our work on iGRAPH-Lite, which

Figure 1. Sample graph from the corpus

provides a natural language interface to an enriched XML
representation built from application specific graphs. Thus,
the ontology would minimally cover the classes and at-
tributes that are required by iGRAPH-Lite. Moreover, we
designed a set of competency questions [20] from which to
evaluate the coverage and utility of the ontology. Some of
these questions are:

1. What is the graph title?
2. What are the titles of the axes of the graph?
3. Do the x-axis categories of a graph correspond to years?
4. What is the unit of the y-axis? (e.g. currency, weight, etc.)
5. What time interval (month, year) corresponds to the hold?
6. Which graphs plot time series data?
7. Which graphs are line graphs?

In order to provide an empirical grounding to the mod-
eling efforts, we compiled a large corpus of graphs, ob-
tained from a Canadian statistical agency’s online publica-
tion: Statistics Canada’s “The Daily”1. This publication
spans about ten years (mid 1996 to mid 2006) and con-
tains exactly 5060 graphs, of which 3203 (63.3%) were
line graphs Essential elements of the ontology were ob-
tained from the 2883 line Graphs (90%) while the remain-
ing 10% (320 graphs) was used to test coverage of the on-
tology. “Deconstructing” graphs into their components re-
sulted in a “collection of concepts” that was subsequently
pruned where overlapping or redefined where ambiguous.
To ensure broad coverage, we considered objects defined
in both the OOXML and the ODF and that objects in the
test-set of graphs could be instantiated in the ontology. Fol-
lowing [20], we grouped the concepts in a simple taxonomy
(e.g. both x- and y-axis are a kind of axis) and started defin-
ing the relationships in light of existing upper ontologies
(see below) and the already available GraphRep ontology.

1http://www.statcan.ca/english/dai-quo/
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3.2. The modeling tools

To model the graph domain carved from the graph cor-
pus, we have chosen Description Logics (DL) as the model-
ing language and OWL-DL (the Web Ontology Language,
in its DL form) as the implementation language.

OWL-DL is an XML/RDF(S)-based language designed
to represent information about objects and how these are
interrelated. In general, OWL extends RDF/RDFS in im-
portant respects, primarily on how properties that are local
to a document behave. The design of OWL-DL has been
strongly influenced by research on DL, a Knowledge Rep-
resentation (KR) formalism (a fragment of predicate logic)
characterized by i) the use of different kinds of construc-
tors to define complex concepts out of simpler ones and ii)
an emphasis on the soundness, completeness and computa-
tional tractability of reasoning problems [4]. OWL-DL is,
in effect, a language to implement DL KBs, including as-
sertions (ABoxes) and terminologies (TBoxes)2.

The basic types of DL are concepts (classes in OWL)
and roles (properties, in OWL). Concepts are unary pred-
icates ranging over the set of individuals in the domain of
discourse, while roles are binary relations associating in-
dividuals to some value. There are several families of lan-
guages in DL, defined primarily by the kinds of constructors
that they will allow. In this case, we will restrict our con-
structors to those allowed by the OWL-DL 1.1 specification;
namely, SHOIQ(D) [16], although the actual ontology is
less complex (ALHI(D)). For clarity, we use the Manch-
ester OWL syntax [15] instead of the concrete syntax of
OWL-DL to refer to our ontology design decisions, follow-
ing the convention of capitalizing the first letter in classes
(SimpleClass) and writing relationships starting with a low-
ercase (hasProperty).

4. Graph Objects and Relations

4.1 Ontology Design Principles

In designing the graph ontology we determined several
desirable features. First, to maximize reuse graph terminol-
ogy should be available for any purpose where the termi-
nology was required. Second, logical assertions on graph
entities should be universally true, that is to say, true for ev-
ery instance and under all circumstances. Third, application
specific logic including document validation should be de-
scribed using the same knowledge representation language
and use logical assertions that simply place further restric-
tions on what is universally true.

2For an in-depth treatment of the issues we do not cover here for lack
of space, the reader is invited to consult [16], on which we base most of
our theoretical background.

To address these issues we applied a novel three layered
approach in our ontology design. The first layer is com-
posed of graph primitives3 that are defined axiomatically
from fundamental notions about graphs and their compo-
nents. The second layer describes graph complex class ex-
pressions 4 that aim to enhance the description of primitives
such that automated reasoning may be performed. The third
layer, the iGraph layer5, places specific restrictions on the
types of relations between graph components in order to de-
fine the necessary conditions for creating valid iGraph doc-
uments.

4.2 Statistical Graph Ontology

The Statistical Graph Ontology (SGO) describes graphs
and its components. It is composed of sixty-six classes,
twelve object properties and six datatype properties. For the
purposes of this paper, we will concentrate only on those
issues that are of particular interest while defining a time-
series data graph such as the one in Figure 1, which is used
as the example throughout the paper.

A Graph hasPart one or more Plot and may (hasTitle)
one or more Title (PrimaryTitle or SecondaryTitle) or has-
Source Source of origin. The Plot hasPart one or more Se-
ries and hasPart one or more CoordinateAxis (XAxis, YAxis
or ZAxis) which may hasPart one or more CategoryAxis
(PrimaryCategoryAxis or SecondaryCategoryAxis) or one
or more ValueAxis (LeftValueAxis or RightValueAxis).

A CategoryAxis hasPart CategoryData, and more specif-
ically PrimaryCategoryAxis hasPart PrimaryCategoryData
whereas SecondaryCategoryAxis hasPart SecondaryCate-
goryData. CategoryData may be ordered using isBefore or
isAfter properties. In contrast, a ValueAxis may be used to
plot continuously varying numerical data (ValueData) and
may be scaled (ScaledValueAxis such as LinearValueAxis,
LogarithmicValueAxis and SemiLogarithmicValueAxis).

A Series hasPart two or more DataPoint hasPart Data to
be plotted from the set of CoordinateAxis. Data, or more
specifically CategoryData or ValueData hasValue a con-
crete datatype value (e.g. int, float, double). Certain prop-
erties are defined as transitive (hasPart and its inverse is-
PartOf) such that if graph1 hasPart plot1 and plot1 hasPart
series1, then a graph1 hasPart series1.

4.3 Augmenting the SGO

Since we can expect that applications that instantiate the
SGO will use the most basic primitives (i.e. Title) instead
of the most specific class (i.e. GraphTitle), we would like to
provide the capability to automatically discover such cases.

3http://ontology.dumontierlab.com/statistical-graph-primitive
4http://ontology.dumontierlab.com/statistical-graph-complex
5http://ontology.dumontierlab.com/statistical-graph-igraph
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In realizing instances as their most specific type, we may
formulate queries using more complex terminology. Thus,
we augment the SGO using the expressiveness afforded by
OWL-DL such as disjunction, negation, union, intersection,
class equivalence, existential and universal restrictions and
(qualified) cardinality restrictions. Thus, we can define a
GraphTitle as:

Title that isTitleOf some Graph

Thus, a DL reasoner would classify all graph titles dur-
ing the reasoning process. Importantly, this terminology be-
comes part of the vocabulary that can be used to formulate
a meaningful query.

4.4 Defining the iGraph requirements

While the previous section alludes to how graphs and
their components are related, we can strictly enforce this
logical description in another ontology. A benefit then is
that documents may be validated on whether instantiated
graph ontologies have the necessary class membership re-
strictions and relations between objects. Moreover, this can
provide the mechanism by which the integrity of applica-
tion data may be specified. For instance, the corpus of Line-
Graph from Statistical Canada is defined in the iGraph on-
tology6 and described here using the Manchester OWL syn-
tax:

Graph and hasTitle some PrimaryTitle
and hasPart some (Plot

and hasPart some (XAxis
and hasPart some (PrimaryCategoryAxis

and hasPart some CategoryData))
and hasPart some (YAxis

and hasPart some (ValueAxis
and hasTitle some Title
and hasStart some float
and hasEnd some float
and hasStep some float))

and hasPart some Line
and hasPart some (Series

and hasPart min 2 DataPoint
and hasPart some (DataPoint

and hasPart some (CategoryData
and hasValue some string
and isBefore some CategoryData)

and hasPart some (ValueData
and hasValue some float))))

Following this description, the Graph in 1 is classified
as a LineGraph because it satisfies the restrictions. More
specifically: it has the PrimaryTitle “Operating profits up
slightly in second quarter” and contains the Plot plot. plot
contains an XAxis xaxis that contains the PrimaryCatego-
ryAxis primary category axis that contains PrimaryCatego-
ryData x1, x2, etc. plot also contains the YAxis yaxis that

6http://ontology.dumontierlab.com/igraph

contains the ValueAxis value axis. value axis holds the ti-
tle of “$ billions” also has three datatype properties which
specify the axis start value of “0”, an end value of “70” with
steps of “10” units.

plot also contains Series series1 with more than two Dat-
aPoint such as datapoint1, datapoint2, etc, each of which
contain CategoryData and ValueData. For instance data-
point1 contains PrimaryCategoryData x1 and ValueData y1.
x1 holds the string value of “III” and y1 holds the float value
of “27.9”.

4.5 Adding Contextual Knowledge to
Graphs

An important consideration in the interpretation of
graphs is that they represent the comparison of certain types
of data. For instance, 1 plots currency (Dollar) against time
intervals (Quarter and Year). While these types fall outside
the scope of the SGO, there exists mechanisms (ontology
integration and mapping) to reuse ontologies pertaining to
those domains and be able to explicitly categorize the data.
Moreover, new inferences may be drawn from the assign-
ment of types to our data.

We have imported a time interval ontology7 and asserted
the specific type (FirstQuarter, SecondQuarter, ThirdQuar-
ter and FourthQuarter) to the PrimaryCategoryData. This
approach enables new reasoning to occur with respect to
time over our graph data. We demonstrate the utility of this
approach in the next section.

4.6 Ontology Population

The ontology was populated using XML documents of
statistical graphs generated by iGRAPH-Lite . iGRAPH-
Lite is composed of at least three general processing parts.
The first is application specific and involves communicat-
ing with different kinds of graph applications (MS Excel,
OpenOffice, etc.). This module outputs a simple represen-
tation R of the necessary conditions to reconstruct a graph
G. A second module takes R as input and runs several al-
gorithms aimed at enriching R by, for example, recognizing
the x-axis categories (years, quarters, months, etc.), recog-
nizing the unit of the y-axis, recognizing titles (if they have
not been set by the usual “chart properties” option, find-
ing minimums and maximums, correlating both categories
(say, year and quarters) in two-category x-axis, to name but
a few. This module outputs a much richer representation of
R, let us call it R′. Finally, the third module is the language
generation module, which queries R′ and generates natural
language descriptions of the graph.

The iGRAPH-Lite ontology was populated by mapping
the data contained in R′ from the test set of iGRAPH-

7http://ontology.dumontierlab.com/time-interval-primitive
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Lite processed graphs. Given that OWL can be repre-
sented with an RDF/XML syntax, the mapping was per-
formed using XSLT transformations8 based on the iGRAPH-
Lite XML schema for data export. These XSLT transforma-
tions can be extended/adapted to support ontology evolution
and further data exchange between the ontologies described
in this paper and iGRAPH-Lite.

5. Practical Implications

This section discusses the problems we set out to solve
and how having an ontology of graphs may be able to solve
them. We start by giving the reader a general idea of the
kinds of queries that can be posed to the system, and the
kinds of retrieval to be expected. We then concentrate on
the advantages of this approach for data exchange and fi-
nally we discuss our own work on accessibility and how the
ontology facilitates multimodal presentation.

5.1 Semantic query answering over Statis-
tical Graphs

To illustrate the utility of the SGO, we first populated the
ontology 9 with the data from 1, and then used the Query
Plugin of Protégé 4 alpha (build 53)10 with the embedded
Fact++ DL reasoner for consistency checking and query an-
swering.

We use the Manchester OWL syntax to construct our
query expression. A query to retrieve all the data points
in the graph would be written as follows:

DataPoint that isPartOf some Graph.

Since parts of a graph are related with the hasPart tran-
sitive relation, this query is answered because each data is
part of a series, which in turn is part of a plot, which in turn
is part of a graph. Thus, the data returned, among others, is
datapoint0, datapoint1, .. These data points are composed
of the x-axis/categorical data and the y-axis/value data.

A second query demonstrates how we can leverage as-
serted contextual knowledge to find value axis data plotted
against time interval data (i.e. the second quarter of any
year):

ValueData that isPartOf some
(DataPoint that hasPart some

(SecondQuarter)).

The individuals that satisfy this class contain, among
others, y0 with value “26.7” and y4 with value “28.9”.

8http://www.w3.org/TR/xslt
9http://ontology.dumontierlab.com/igraph-example

10http://protege.stanford.edu/

A third query demonstrates how the reasoner will make
infer class membership based on a role-based descrip-
tion similar to that described in 4.3. Querying solely for
AxisTitle, we discover a primary cat axis title with value
“Quarter”, secondary cat axis title with value “Year”, and
val axis title with value “$ billions”. Notice that each was
asserted as instances of Title, and were inferred to be in-
stances of AxisTitle.

A fourth query shows how complex definitions using
concepts defined elsewhere can be made. In this case, we
want to retrieve all graphs that contain time intervals, or
TimeSeries:

Series and hasPart some TimeInterval.

This query returns the individual Series1. This is because
we have asserted the category data as specific type of time
interval whose type relationship to the TimeInterval class is
defined in an imported ontology (using owl:imports). Since
series1 is asserted as a Series that hasPart some DataPoint
and each data point (e.g. datapoint1) contains Category-
Data (e.g. x1) of a specific type of Quarter (e.g. ThirdQuar-
ter), and Quarter is a TimeInterval, it follows that each data
point of series1 is a TimeInterval and series1 can be classi-
fied as a TimeSeries

Finally, the semantic annotation of the graph data also
provides a mechanism by which we can query a knowledge
base to find all graphs containing a certain ”type” of data.
Querying about the example graph and a second graph 11

which has months as the primary category axis, we ask:

Graph that hasPart some TimeInterval.

This query returns the two graphs example1:graph, ex-
ample2:graph defined in the instantiated ontologies. Addi-
tional annotation of the value axes will allow users to create
more sophisticated queries in which they can find graphs
having certain types of category and value axes, thus being
able to differentiate between graph having the same type of
category axis.

5.2 Data Exchange

The ontology facilitates data exchange by i) providing a
standard (syntactic) representation of the data for machine
consumption, ii) the meaning (semantics) of the data repre-
sented is unambiguous, formally represented and machine
understandable, iii) the three layer approach offers a more
flexible model to exchange the data encoded, i.e. a poten-
tial user does not have to “commit” to semantics defined
over the hierarchical organization of the classes and proper-
ties or the requirements of iGRAPH-Lite. Instead, a poten-
tial user can exchange the assertions included in the prim-
itive ontology and then extend this ontology to satisfy her

11http://ontology.dumontierlab.com/igraph-example2
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requirements, and finally iv) given the flexibility of XSLT
transformation, new inferences, for example new defined
class memberships obtained by the DL reasoner can be re-
turned to the application systems.

5.3 Accessibility

A word should be said about accessibility to graphical
representations by blind and visually impaired individu-
als, which inspired this work. Structured representations
of graphical (or any other kind of) information are a sine
qua non step for rendering information accessible to differ-
ent communities. In our case, we have started to use the
present ontology to construct an alternative representation
of graphs in the form of a Natural Language (NL) descrip-
tions of them. We are presently investigating how to as-
sociate linguistic ontologies (see, for example, [5]) to each
of the concepts in the graph ontology discussed here. In
this fashion, algorithms at the application level will be able
to query the instances and associate concepts with linguis-
tic expressions, or, in other words, to how those concepts
should be communicated in natural language.

6. Conclusions and Future Work

A statistical graph ontology is useful for several reasons.
First, in our own work on accessibility, having such struc-
tured and well-defined semantics for graphical representa-
tions means that ever more things can be “stated” when
rendering graphs accessible multimodally [11]. Second,
our supporting organizations (Statistics Canada and Cog-
nos, Inc.) are currently unable to work with graphical rep-
resentations of data. Although they have all the necessary
elements of a rendered graph either at the application or
the relational database level, they do not possess a prin-
cipled and empirically tested way to infer new knowledge
about graphs, to search their “parts” and to query informa-
tion across different graphs. By using the SGO, these limi-
tations are effectively overcome.

As a visual representation, it would be desirable to rea-
son in terms of the spatial locations occupied by graph ob-
jects. Examples of these queries might include “does the
title overlap with the plot area?”, “what is adjacent to the y-
axis title”. Similarly, the assertion of time intervals on cat-
egory axes opens the door to perform temporal reasoning,
something we do now somewhat primitively. While there
is no explicit support in OWL for spatial and temporal rea-
soning and inference, this can be done by i) asserting a set
of spatial/temporal relationships that are decidable, ii) cre-
ate extensions that operate over OWL ontologies, or iii) we
can transform the OWL KB into a system that can perform
specialized spatial and temporal reasoning.

We believe this ontology is a contribution to enterprises
working with graphical representations of statistical data at
a good level of granularity and it also provides a solution
for the three problems identified above: i) the inability to
retrieve and semantically query graphs, ii) the inability to
work with a graph data model such that it helps graph ex-
change and graph merging, and iii) the possibility of encod-
ing graphs in other modalities for certain demographics, by
coherently handling the different parts of graphical objects
into a unified conceptual model.
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