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Abstract. The data ontologies in a form of UML Class diagrams are discussed
in this paper. We call the data ontology granular, if its corresponding instance
diagrams (data) can be divided into separate parts called slices. A typical
example of granular ontologies is process ontologies, where slices are run-time
instances of these processes. Based on the notion of granularity a graphical inplace query language is presented in this paper. The proposed language is easy
to use by domain experts that are not IT specialists. Besides that it has a very
efficient (linear) execution time for answering queries.
Keywords: Data ontologies, run-time instances, query language, graphical
querying.

1 Introduction
While working with models, we have observed an interesting phenomenon – data can
be often divided into separate parts naturally. These parts have their own semantics,
which we would like to use while querying the model. If the division of the data
ontology is well formalized, it is possible to develop a query language for the
ontology that is both very efficiently executable and very convenient and easy-to-use
for the end user being the domain expert, not an IT specialist.
In this paper we specify a set of ontologies, for which we can define a natural
division in parts. We call these ontologies granular and define the granularity
principles very formally in Section 2. After that, we describe the query language in
Section 3, which we have developed for granular ontologies. Here we lay out the
principles and primitives of the language, as well as define its time-efficiency.
We, however, understand that not all the real world ontologies fall into the class of
granular ontologies. Therefore, in future we plan to extend the notion of ontology
granularity a bit in order to widen the class of granular ontologies by extending the
query language at the same time. The main objective that needs to be taken in mind in
the process is that the query language must preserve its time-efficiency.

2 Granular Ontologies
In this paper we inspect data ontologies in a form of UML Class Diagrams. More
precisely, we use only a subset of UML Class Diagrams containing classes, oriented
associations, typed attributes and generalization.
From syntactic point of view our data ontology language is also a subset of the
OWL (see the comparison in [1]). From the semantic point of view there is, however,
a significant difference – while OWL uses the open-world semantics, we exploit the
closed-world semantics. Our proposed data ontology language is a convenient mean
for describing data of concrete domains, e.g., the structure of hospital registry. A very
simple example of a data ontology describing study programs is seen in Fig. 1 (we use
a traditional shorthand notation for associations, which are oriented in both
directions).
Study program
name: String

program
1

1 program

student *
Student
id: Integer
name: String
age: Integer

course *
Course
name: String
creditpoints: Integer

self.program.course ->
includesAll(self.course)

course
*

* student

Fig. 1. The Study program ontology.

We will depict the concrete data of the ontology as legal instances of the
corresponding class diagram. The specification of legality can be performed either
only through multiplicities (which must always be satisfied), or additionally through
OCL expressions (as in Fig. 1) or in any other way (even using the natural language).
Let us assume we have a data ontology in a form of UML Class Diagram D and a
class A belonging to the ontology D. Let us also assume we have some instance G of
the diagram D. G consists of two kinds of elements – class instances called objects
and association instances called links. Since we only operate with oriented
associations, also the links are oriented. Therefore we can perceive G also as an
oriented graph. Let us now take an arbitrary instance x of the class A such that x∈G
(in shorthand notation: x∈A∩G). We can now introduce a concept of a slice respective
to the object x within instance G being the maximal subgraph of G (let us denote it
with S(x,G)) such that S(x,G) consists of the object x and all those objects that are
reachable from x via edges.
When we inspect some data ontology D, it always comes together with the set of
its legal instances UD. We will now call a class A∈D a Master class, iff the two
following statements are satisfied:
1) ∀G ∈ UD ∀x ∈ A ∩ G∀y ∈ A ∩ G(x ≠ y ⇒ S(x, G) ∩ S(y, G) = Ø)
2)

∀G ∈ UD

U S(x, G) = G
x∈A ∩ G

The first statement states that all the slices respective to instances of the Master
class are distinct, that is, they do not have common objects. The second statement
states that these slices cover the whole instance G.
There is only one Master class in the Study Program ontology seen in Fig. 1.
(given the specified OCL constraint) – the class “Study program”. Indeed, if we take
an instance of the class “Study program”, its respective slice covers all the courses of
that program together with its students. Since the OCL constraint prohibits for any
student to take course from a different program than he is attached to, it is clear that
respective slices of instances of the class “Study program” are distinct thus dividing
any legal instance of the class diagram into slices.
Data ontologies (together with the legality constraints), for which there exists a
Master class, are called granular ontologies. We depict the Master class with a bold
frame in granular ontologies as can be seen in Fig. 1 (in case there is more than one
Master class in an ontology we just choose one). Further in this paper we inspect only
granular ontologies.
The main objective of dividing the instance graph into slices is that thus we could
form natural queries over the instance easily. Since the data are naturally divided into
slices, we can formulate questions either within some concrete slice, or over a set of
slices. For example, we can take one concrete slice specified by the name of the study
program and count the sum of credit points of all courses of that program (e.g., the
question “How much credit points are to be collected in the Computer Science Master
study program?”). Another example – we can select a set of slices specified by the
age of the students and see, in which study programs these students are assigned to
(e.g., the query “Please, give me the list of all the programs, in which there are at least
one student older than 30 years!”). The means for formulating such kind of queries
and getting the results are described in the next Section.
It must be mentioned that the class of granular ontologies is relatively rich. We can
see, how the division into slices becomes apparent in case of static class diagram seen
in Fig. 1. However, the situation with division into slices is especially characteristic, if
the data ontology describes some processes, and instances of the ontology are runtime instances (transactions) of those processes. Good example of such process is the
shopping basket process widely used in the field of data mining. However, in this
paper we will use another example as a base – clinical processes in a hospital. For
describing such processes a special language MEDMOD is introduced in authors’
paper [2].
Formally, the language MEDMOD is defined as a profile on UML Class diagrams
according to Fig. 2 (OCL constraints are omitted here). An example clinical process
describing the Emergency department management is seen in Fig. 3.

Fig. 2. The UML profile defining the MEDMOD language.

On the basis of Fig. 3 we will now shortly explain the used notations. As is
described in the profile, Activities are divided into three categories. Start Activity,
e.g., “Patient enters the hospital” (called also the Master Activity) is depicted with
bolder frame in Fig. 3. Aggregate Activities (consisting of subactivities), e.g.,
“Clinical process in ward” are depicted with dashed frames (see Fig. 3). Simple
activities are all the other activities, e.g., the activity “Doctor sets diagnosis” in Fig. 3.
As is seen in Fig. 3, some activities are depicted with a multiple frame. That means
that several instances (more than one) of these activities can appear in one slice.
Patient enters the
hospital
date&time: DateTime
surname: String
age: Integer

Doctor at emergency
{second opinion is necessary}
department evaluates
patient's medical needs
Patient consulted by
emergency_doctor: String
second doctor
consulting_doctor: String

Patient admitted to
hospital ward
date&time: DateTime
ward_code: wCode

Clinical process in
ward

Patient scheduled
for transfer to
another ward

Patient treated at
emergency department
procedure_code: pCode
cost: Real

ward_code: wCode

ward_doctor: String

*

Doctor sets diagnosis
diagnosis_code: dCode

*

Doctor assigns
procedure
date&time: DateTime
procedure_code: pCode

Procedure is executed
date&time: DateTime
procedure_code: pCode
cost: Real

Patient leaves the
hospital
date&time: DateTime
total_expenses: Real

Fig. 3. An example of a MEDMOD process – the Emergency department management process.

Associations are divided into four categories:
1) Follows. This type of oriented relation can be established between two Activities
A and B meaning that Activity B can only start after Activity A has ended. It is
allowed for several Activities to follow the same Activity – the XOR semantics is
implied in this case meaning that only one of those outgoing flows can be
executed. We denote this situation by introducing a new diamond-shaped
graphical element seen in Fig. 3.
2) Composition. A composition between two Activities can be established, if one
Activity (called the Aggregate) semantically consists of one or more other
Activities (called the Components).
3) Interruption. If there is an outgoing Interruption flow from the Aggregate Activity
A to some Activity B, it means that the Activity A is suspended, when the flow is
executed (i.e., when the Activity B needs to be started) meaning that it can no
more create new Component instances (already created Component instances
continues to execute normally).

4) Extension. Extension is an oriented relation between two Activities A and B
meaning that Activity B can be called at some time during the execution of
Activity A. The call is triggered, when some predefined condition occurs. The
condition is described as an Extension point name and attached to the Extension.
The reason behind developing a new language was that the traditional process
modeling languages have found a limited use in the hospital settings (see, e.g., [3],
[4]). One of the reasons behind this delay has been the lack of clear definition of the
sequence of activities that are carried out in clinical processes.
Since a MEDMOD diagram is formally a Class diagram according to the profile
seen in Fig. 2, we can talk about instances of this class diagram, and we can
investigate the notion of granularity of MEDMOD diagrams. The Master class comes
out very naturally in this case, because the process diagram always has the starting
action, which can serve as the Master class. The conclusion is that the ontology given
by the MEDMOD language is granular.
Since the instance graph is again divided into slices (assuming we have formulated
the instance legality criteria), we can query it either by specifying one concrete slice
or several similar slices (e.g., “What is total expenses for the patient Wolf?”), or over
a set of slices (e.g., “What is the average age of all patients treated by the doctor Stan
Lee?”).
The query language described in the next section is explained based on the
MEDMOD example.

3 Query language
If an ontology is granular – its underlying instance graph can be divided into
slices, then we can define simple and efficient means of querying the instance graph.
In this Section we describe an ontology based graphical in-place query language that
is easy to use even by non-IT specialists and the result of a query can be retrieved in
the linear time O(n) where n is the number of objects in the instance graph.
Since instance graph has been divided into slices accordingly to some granular
ontology, questions can be asked accordingly to that ontology. Building a query has
two main activities – filtering and retrieving answers. Filtering, actually, is setting
simple constraints on objects. Constraints can be set on any attribute of any class in
the ontology. Once a constraint has been set, the instance graph is reduced to those
slices, which contains at least one object that meets the constraint. Let’s call it the
filtered instance graph. We allow to retrieve answers for two types of questions, the
first has an answer as a single number, e.g., “How much did the Dr. Jekyll’s patients
cost?” the second has an answer as a list of objects, e.g., “Which patients with
Pneumonia had no X-ray?”.
Very important aspect of the query language is that its concrete syntax is based on
the data ontologies language used to specify the ontology. An example of a query
based on the MEDMOD language is given in the Fig. 4. The real-world examples, of
course, are not as tiny as the given example - just 3 patients. An average hospital in
Latvia (500 beds hospital) treats about 30 000 patients per year [5]. In order to better
understand the query language we give an insight in the process of building queries.

Fig. 4. An example of query based on MEDMOD – the emergency department management.

Let’s assume that we have obtained the instance graph conforming to the given
ontology (MEDMOD diagram). We leave behind the problem of getting data from
hospital’s information system. The person in interest (e.g., physician or manager)
starts with a query diagram that is based on the given MEDMOD diagram – the query
diagram has the same layout and elements as the MEDMOD diagram. It describes the
familiar for the physician process of the emergency department management in the
hospital. By default the query diagram contains boxes indicating the number of
objects of each class in the instance graph. (See Fig. 4, boxes labeled Count). These
are answers to simple questions like “How many patients have been treated at
emergency department?” or “How many procedures have been executed?” It should
be noted that every answer (result) is depicted as a box in the query diagram. Thus
ontology, constraints, results - everything can be seen graphically in-place - in the
same diagram. The same principle is used by spreadsheet applications – the user can
make changes in any cell of the spreadsheet and observe the immediate effects on
calculated values. In contrast most of query languages, e.g., SPARQL or SQL, have
separate representations for data model, query and data. Now one can start filtering
data by pointing to a class in the diagram and selecting an attribute. Simple
constraints on attribute’s values can be set – comparisons like equals, greater than,
less than, etc., can be made to the constants of appropriate type. Following the

simplicity of spreadsheet applications, no more than two constraints (comparison
operations) are allowed on each attribute. Both constraints may be mandatory (logical
AND), or at least one of the constraints must be met (logical OR).
When a constraint on an attribute has been set, the instance graph is filtered and all
answers (result boxes) in the diagram are reevaluated and all boxes refreshed. Thus
the dynamic response to each step in construction of the complete query allows the
physician to see immediate reaction to every action. It shortens the learning curve
greatly and reduces the number of errors – they can be recognized much earlier. This
effect is called direct manipulation interaction mechanism [6].
As it was mentioned earlier, all answers were depicted as boxes in the diagram. At
any moment these boxes can be removed and new boxes can be added. Possible single
number answers are: Number of objects of given type in the filtered instance graph,
Sum of values of given attribute in the filtered instance graph, Average of values of
given attribute in the filtered instance graph. The only allowed answer that is not a
single number is the list of objects (with attribute values) of given type in the filtered
instance graph. (See Fig. 4 for all types of answers).
Let’s define the constraint, the query and the answer more formally. Assume that
we have a granular ontology D which consists of classes which in turn contains
attributes. Since the ontology D is granular, there exists some Master class A∈D.
Before one can query the instance graph G, it must be divided into slices respective to
objects of class A. Thus the queries must be executed over set of non-overlapping
slices S.

S = {s|s = S(x, G) & x ∈ A }
Slices consist of objects with associated key-value lists, where keys are attribute
names and values are attribute values. The ontology determines possible attributes
and their range of values (type) for objects of given class.
Let a be an attribute of some class B∈
∈D and let T∈D be the type of the attribute a.
Then constraint on attribute a is the following Boolean expression:
1) One of the simple comparisons – a > const, a = const, a < const, where const∈T;
2) Conjunction (and) or disjunction (or) of two simple comparisons, e.g., “a<10 and
a>5”.
Such constraint can be checked on an object of class B in a time that consists of
time that is needed to locate the value of the given attribute in the object’s list of
attribute values and time that is needed to do actual comparison and logical
operations. Thus, the total time needed to check a constraint on a single object
depends only on the size of the given ontology and implementation (coding) of
objects. Therefore for each ontology and its implementation there exists such constant
C, that a single constraint can be checked on a single object in time less than C.
As it was mentioned before, the physician is allowed to set just one constraint at
once. After the constraint is set it is evaluated immediately. Let’s define more
precisely, what does it mean to evaluate a constraint c on attribute a of class B on the
instance graph (set of slices S) and obtain the filtered instance graph – the subset of S.
The main idea is to go through all slices and check all objects in particular slice. If
there is an object of the given type and the constraint c evaluates to true on that object,
then the slice is added to the filtered instance graph. It is easy to see, that in the worst

case all objects in instance graph have to be checked to evaluate the constraint, but no
more, because slices are non-overlapping. However, checking a single object does not
require more time than the constant C, thus the total time needed to evaluate a
single constraint on the instance graph G is O(n), where n is the number of
objects in G.
The complete query Q is the ordered set of constraints. The execution of the query
starts with evaluation of the first constraint in the set and continues with gradual
evaluation of next constraints on the result of the previous. As it was mentioned
above, the typical number of patients treated in an average hospital in Latvia is 30000
per year. It would be the number of slices in the instance graph for the MEDMOD
example. Our experience and initial experiments with query language show that last
constraints in typical queries are evaluated on much smaller filtered instance graph
comparing to the initial instance graph. It may allow us to predict that the execution
of complex queries would be efficient for instance graphs even larger than
abovementioned 30000 slices.
Now we can define more precisely, what answers (result boxes) can be retrieved.
Once the filtered instance graph FS has been obtained, here are possible answers:
1) Number of instances of given class B in the filtered instance graph FS
2) Sum of values of given attribute attr (in class B) in the filtered instance graph FS
3) Average of values of given attribute attr (in class B) in filtered instance graph FS
4) List of objects of given class B in the filtered instance graph FS
Just like in case of constraints, also retrieving an answer does require a single
inspection of an object in the instance graph. Thus, the total time to retrieve an answer
on the instance graph G is O(n), where n is the number of objects in G. It should be
noted that the query language may be extended without loss of efficiency by other
means that also can be evaluated in the linear time, e.g., retrieving average number of
instances of given type per slice, filtering slices by number of instances of given type,
however we do not describe them all because of limitations of space.

To sum up, the main advantages of the proposed query language are:
• The view on data through “glasses” of familiar ontology (e.g., everybody in the
hospital should know, how does it work!);
• The simple and easy-to-perceive means of setting filtering conditions require no
more expertise than using spreadsheet applications (like MS Excel);
• The dynamic response to each step in construction of the complete query – the
doctor sees immediate reaction to every action. It shortens the learning curve
greatly and encourages even non-experienced users to try this out;
• The efficiency of query execution. It is required the linear time regarding to the
size of the instance graph to filter and retrieve answers.

4 Related Work
Graphical query languages have been interesting to the researchers as long as textual
query languages exist. They have been developed as an attempt to fulfill the promises
of query languages to give an easy-to-use means for ad-hoc data analysis, because in

practice the powerful query languages (like SQL) have not became the mainstream
tools for non-IT users. Number of graphical (visual) query languages for relational
databases emerged in the late 80-s of the previous century [7, 8, 9]. However at that
time the implementation of graphical languages was an expensive and timeconsuming, not even thinking of usability issues that came along the involving non-IT
users. They tend to cover every feature of SQL and as the result of that we can name
just few examples of graphical query building tools, like, query designer in Microsoft
Access [10] that provides means to build SQL queries graphically.
At the same time the spreadsheet applications have been widely used by non-IT
users. They allow dealing with data in tabular form (no relations). One of the reasons
of the spreadsheet’s success story is the usage simple concepts like cell, row, column,
etc., coming from real paper-based documents. Another reason is the dynamic
response on every action that takes place in the spreadsheet – user sees all changes in
the document immediately, just like in the query language we propose in this paper.
Nowadays the graphical language workbenches [11, 12] allow building graphical
languages quickly. Thus the merely forgotten question about building visual query
languages is back on the timetable. Ontologies have become popular in recent years.
Therefore, the attention has been shifted from relational databases and ER models to
ontologies. Thus the query languages for ontologies have emerged and particularly
the graphical query languages for ontologies [13, 14]. And once again, these
languages focus on graphical representation of the query, try to cover all features of
SPARQL and separate the representations of ontology, query and data.

5 Conclusions and Future Work
One of the main results of this paper is the notion of granular data ontologies. This
notion is defined very formally in the paper. Based on the notion of granularity an inplace graphical query language is then introduced. It is partly tested on real end-users
– doctors of a hospital. As the first experience has shown, the query language
possesses two essential features:
1) it is easily perceptible, and it is therefore easy to use by domain experts that are not
IT specialists;
2) it has very efficient (linear regarding to the size of an instance graph) execution
time for retrieving answers to queries.
Many noticeable data ontologies turn out to be granular, which means an efficient
query language can be developed for them. At the same time there are also lots of
other ontologies, which are not granular, and that prohibits us to use our query
language for them. One of the main directions of our future research is to specify
another meaningful class of data ontologies, which are granular in a wider sense. We
will therefore extend the notion of ontology granularity allowing one to use the
efficient query language for this class of ontologies. The efficiency of the query
language will be preserved, i.e. the time evaluation of the query execution will remain
linear. Other future research directions include, but are not limited to the following:
1) To keep on improving the query language and to test it on a wider range of
potential end-users;

2) To continue optimizing the language implementation in order to improve the time
needed for retrieving answers to queries formed over data containing about 30000
hospital transactions (our goal is to get the answer in less than a second here);
3) To further investigate practical use-cases of our approach in other areas outside
the context of a hospital.
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