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Abstract. To find ways to facilitate the querying process of heteroge-
neous databases reveals a critical research avenue, especially in biology.
Making use of ontologies is considered one of the best solutions, which
makes the activity of ontology design critical for biologists. However,
such design process is not easily attainable by non-experts, issue subli-
mated by the constant evolution of the domain taxonomies [1]. More-
over, designing ontologies currently requires some expert knowledge of
the domain as well as skills in database and ontology modelling. This
fact was corroborated by our pilot study involving geneticists from the
Poitiers hospital. The specialists did not possess any prior knowledge of
conceptual data models. Nevertheless, they were able to build their own
mental model of the situation that could later be correlated to the actual
database models.

Compared to previous End-User Programming approaches, this exper-
iment shows that End-User Programming techniques permit to build
and use conceptual models without any need for specific training. In this
poster, we describe the pilot study we conducted using geneticists dur-
ing the dedicated ontologies design process that allows querying public
databases. Several specific constraints were identified, along with their
proposed solutions. A complete example of ontology design, built from
the genetic field, is then described.
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1 Introduction

With the advent of new DNA sequencing techniques, a tremendous amount of
data is constantly being generated in the field of genetics. They are distributed
in many highly specialized databases that geneticists then interrogate succes-
sively. Researchers cross the results of their successive requests in order to make
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the diagnosis as reliable as possible. It would be very interesting for geneticists
to be able to centralise the databases they use rather than to have to make
requests on different bases as they currently do. Today’s mapping of the field
uses various databases containing concepts included in several databases, with
semantic differences, and intra and inter-base relationships. This configuration
illustrates the need for an ontology spanning the domain. Indeed, within the
genetics field, some areas are fully covered, such as genes in Gene Ontology1

or phenotypes in Human Phenotype Ontology2, but there is no global ontology.
Genetics is a constantly evolving wide and complex field. It is therefore impossi-
ble to consider creating and maintaining a complete ontology of the field without
a considerable amount of human and material resources. As a rapidly expanding
research field, a closed system would become very quickly out of date. Instead,
we aim here to automatically build an ontology from the available data. Work
already exists in this area, but most of it is aimed at extracting knowledge from
unstructured information, such as sets of web pages, text and multimedia files.
For genetics, databases already exist, and export files are available for down-
load. However, the structure of the base is not available for perusal. Building
an ad hoc tool for each database, if technically possible, is not a good solution
due to the domain’s constant evolutions. Here the design process will therefore
be performed by reusing semi-structured data sources. Our interest is an app-
roach capable of allowing end-users to build the systems that meet their needs.
An End-User Programming approach was therefore selected, in line with geneti-
cists’ usual lack of expertise in computing. To perform this task, two options
were available:

– To train geneticists to acquire the necessary computer skills (as it was done
in [2])

– To create a system that disguises computer concepts to the novice user.

Most geneticists have neither the time nor the desire to learn how to code.
Moreover, to train them would be as costly as using an expert database engi-
neer, which is out of our scope and lacks adaptability to the domain’s constant
evolution. The only solution left was to use an approach that does not require
any further apprenticeship. Partial answers to this problematic exist in different
areas of research, including queries by example, but these systems focus heavily
on queries rather than on building an interactive system. Our problematic of
reconstruction was modified by this constraint and thus became: how to allow
a computer science novice to create an ontology from genetic database exports
only? We will present the particular context of this research study in Sect. 2.
Our approach to system design will then be described in Sect. 3. To follow, a
validation study of the approach will be presented in Sect. 4, and discussed in
Sect. 5.

1 http://geneontology.org.
2 http://human-phenotype-ontology.github.io/.
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2 Analysis

End-user programming (EUP) allows expert users (EU) with no or few pro-
gramming skills to build programs related to their specific needs [3,4]. Most
of the time, EUP is used to automate basic EU interactions, for example for
repetitive tasks [5,6]. In our case, the needs to be elicited are situated on the
conceptual level. Based on previous observations, our hypothesis is that by using
EUP techniques, biology researchers - more specifically geneticists - could build
ad-hoc ontologies in a more efficient manner for query generation that would
render a quicker diagnosis. We observed common databases usage by geneticists
and found that they create complex queries by making multiple simple queries
across multiple databases. We concluded that they must already have their own
mental model of the field. This allowed us to formulate our initial hypothesis:
geneticists possess a mental model of the domain and it is possible to find seman-
tic correlations between the way they represent it and the real model. We are not
in a classic EUP case, which represents a computerized automation of repetitive
EU tasks. We are at the conceptual level: we use EUP to allow the EU to create
a structure that fits his/her mental model, also usable as a database schema.
Applied to our situation, a classic EUP case is a system that allows the EU to
query various database through their API. While this would work, the situation
would not be resolved, as the EU would still have to create an ad hoc program
for each API. That is why we focus on the conceptual model.

2.1 A Genetics Case Study

To support our approach statistically, we have defined an example by selecting
three databases only: OMIM morbidmap3 (contains mainly diseases associated
with genes), dbSNP4 (identifies point mutations), and finally a projection of
HPO (contains mainly association phenotype-disease). These three bases were
chosen because of their diversity in form and substance. Indeed, it presents
slightly different structures at the header level, with a visible header (not neces-
sarily formatted in the same way as the data), or without any header (replaced
by textual explanations in another file). They were mostly selected due to their
content, representing four essential notions within the world of genetics: genes,
diseases, phenotypes and variations.

2.2 Case Study Constraints

Most current approaches use complex artificial intelligence to limit the role of
the domain expert in the design process. This is a very consistent approach,
since the data often come from corpus extracted from the Web, without direct
link with such experts. In this project, our configuration elicited another set of
constraints, as follow:

3 https://www.omim.org.
4 https://www.ncbi.nlm.nih.gov/projects/SNP.
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– Accessibility to domain experts, all computer science novices.
– During the design process, these experts will be alone, they will not have

access to ontologists or database specialists.
– The experts’ confidence in the results must be total, which means that the

EU must be able to check the automatic steps. Our goal is therefore to rely as
much as possible on the available resources, which are the EU and the data,
in order to free ourselves from the heavy approaches of machine learning, or
the use of an external ontology engineer. We do not want to only make an
ontology, we want to have it done expertly.

2.3 Difficulties Encountered

Current approaches to creating ontologies are facing several pitfalls, at different
level of system actions:

Issue 1. Several important notions of databases must be known (such as tables,
attributes or relations).

Issue 2. The interfaces are developed to be compatible with the target audience,
that is to say engineers specialized in data management and ontologies.
The solution often adopted is to rely on a standard domain such as
SPARQL [7].

Issue 3. When the data comes from unstructured files, it is difficult to extract
the relations [8].

Issue 4. When the data comes from semi-structured files, the format dependency
is very important, and it is common to have errors and malformations
making the machine interpretation process extremely complex [9].

Issue 5. Most tools are designed following machine learning approaches, they
are very dependent on the size of the corpus, and the trust given to
each source to avoid conflicts [10].

Issue 6. Since sources are often included iteratively, one after the other, this
greatly increases the chances of duplicating an entity that comes from
two different sources [11].

Issue 7. Finally, it is complicated to find a good way to evaluate the quality of
the ontology produced, and therefore the system’s reliability. The ideal
solution would be a manual review of the ontology by domain experts
able to validate or not the links between the entities. However this would
also be too costly. Automation of this phase are under development [12],
but will not be detailed here any further.

For the first issue, we may rely on the EU by asking them information, or request
a verification of the data structure. The second is a classic EUP issue, we will
probably face it, but we cannot use informatic standard, as they are not known
by our EU. We must include these EU into the design phase and make sure that
the interfaces are clear. We are not concerned with issue 3, but issue 4 will require
an intelligent parsing step in order to overcome any potential file malformations.
As the EU needs control choices, we cannot use a machine learning approach,
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so issue 5 is also discarded. Issue 6 can be solved because of the presence of
identifiers in the data. This can be used to avoid duplicating entities. Finally,
the last issue is moot here since our ontology was directly developed by the
domain expert. However, we can evaluate the result according to a subjective
criterion, by checking whether the ontology fits the provided data.

3 Domain Vocabulary

In order to create a system capable of answering our problematic, we must pro-
vide three answers. We first need to prove our initial hypothesis: there are rela-
tionships between the geneticist’s mental representation model and the database
concepts used in the model. If this hypothesis is validated, it should be possible to
characterise these relations by investigating how EU express them: what vocab-
ulary is used? Which grammatical structures? Finally, based on these results, we
must deduce adapted solutions for the EU to inform the concepts that interest us.

3.1 Approach

We first wanted to check that geneticists are able to extract concepts and rela-
tionships from data sources by themselves. We also investigated whether other
database concepts are described spontaneously by the EU. We then determined
how these notions were described, and whether it was possible to find a cor-
respondence between the EU’s vocabulary and the database notions. We were
particularly attentive at the possible apparition of homonyms or synonyms. To
investigate this issue, the following domain vocabulary definition test was pro-
posed to five domain experts: Each participant was asked to verbalise the con-
tent of export file from three domain databases. We recorded the think-aloud and
searched for possible equivalences between these people’s vocabulary choices and
ontology notions. From the recordings, we were able to verify our initial hypoth-
esis and note that the geneticists do indeed use databases notions. We then listed
the vocabulary and syntactical structures in context and explored their usage:

– Concepts were generally easily isolated when belonging directly to the field
of expertise only.

– Attributes were well distributed between well-defined concepts. The notion
of identifier was very present, since each concept had at least one identifier
per database. Participants found them without problems, even for concepts
they did not understand.

– Attribute types were not requested from participants, and never were specified
spontaneously. This is not critical, since they can be guessed or requested later
from the EU.

– Regarding relations, we found 21 different descriptions to talk about three
types of relations: 0:n, 1:n and concept-attribute. The three most frequent
descriptions were “have multiple” and “associated with” that described a 0:n
relationship, as well as “correspond to” to describe a Concept-Attribute rela-
tionship. EU therefore used many synonyms (use of several words to describe
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a relationship). Only one EU could use up to 4 synonyms for a relationship.
Several homonyms (use of a word to describe several types of relationship)
have also been noted. They are related to the presence of several partici-
pants, but unlike the synonyms, each participant remained constant, using
one word per type of relationship. The two identified homonyms were “asso-
ciated with” and “have several”, used to describe the three types of relations
present, however traditionally chosen to describe 0:n relationship.

– Cardinalities were not always detectable orally. When they were specified,
this involved the use of modal verbs such as “may” and “must”, as well as
the use of specific determinants such as “many”. This enabled the building
of structures such as “a disease must have one or more phenotypes”.

4 Prototype Validation

This domain vocabulary definition test proved that it is possible to find a cor-
respondence between the words used by geneticists and the ontological notions
necessary for the construction of the system. We have thereafter imagined and
developed a prototype that served as a translator between the geneticist and the
ontology, to be confronted to our end-users. As previously mentioned, EU are
usually highly connected to the data, so we made the data visible throughout
the process, which consists of 4 steps:

– Import and parsing of data;
– Creation of the present concepts, with their attributes;
– Creation of relations between concepts, with their cardinalities;
– Visualization of the final ontology.

These different steps were performed using a classic web interface. The first
step allowed the EU to load his/her data file and view it directly. He/She could
then interact directly with a set of parsing parameters, which allowed him/her
to easily find the most useful settings to perform his/her task. When the data
display became clear, the EU could enter the concepts and their attributes. A
verification step avoided inserting duplicated entries in the ontology, and forced
the EU to define a primary key. If a concept already existed, it then ought to
be entered as a synonym. Finally, the EU entered relations using a syntax close
to the results of the domain vocabulary definition test, relying in particular on
drop-down lists of modal such as “may” or “must”. Finally, a visualization screen
allowed EU to summarize easily concepts and relations present in the ontology.
The main objective of this study was to evaluate the usability of the approach.
Should the test be a success, even partial, the approach would then be feasible.
On the opposite, no conclusion could be drawn as either the approach could
be unreliable, or no solution could be computed. In case of favorable results,
we would then evaluate the different steps to identify possible blocking point.
Finally, we would collect the opinions of EU passing the test to improve the
prototype. Four geneticists were recruited for this study. They were asked to
create an ontology using the three aforementioned databases with our prototype.
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4.1 Results

None of the ontologies created were perfect, because of optimization problems,
missing concepts and/or relations. All of them were however fully usable. An
example of optimization problem lied in a concept being artificially split into
two concepts linked by a 1:1 relation. In addition, several issues concerning the
resulting ontologies and the EU’s behavior during the tests drew our attention:

– Several synonyms were used at the concept level, such as “phenotypes”, some-
times called “symptoms”.

– One of the EU created foreign keys before creating any relation. This antici-
pation can probably be attributed to his personal Access 8 database creation
experience.

– Even though some of the attributes were very close semantically, none were
misallocated.

5 Discussion

As shown in the previous section, EU have generally managed to provide an
implementable result, with no help from the data. However, we can imagine
situations that would require more help, asking for clarification from the EU
and helping him rely on the provided data. For example, an automatic detection
of 1:1 relations could enquire whether it would not be more relevant to group
concepts in a single entity. On the one hand, we can imagine the opposite case,
where a concept initially included in another must be extracted in the light
of new data, in order to create an independent entity. On the other hand, it
would be impossible to detect the creation of false concepts, such as the one
called “transcript” in our case. However, we can hope the EU would be aware of
the problem and seek a more adaptable solution. This issue for example could
have been resolved by deleting the concept and adding an attribute to another.
Conceptual omissions can traditionally be detected if none of the columns of a
database are loaded. However these can also be on purpose, as it was the case
with one of the EU. Whilst relational omissions are difficult to detect, except
in some special cases. However, one can rely on the presence of concepts in the
same file to deduce a probable relationship between the two: the presence of
genes and SNP in a single base generally indicates a link between SNP and
genes. Relationships can be reflected, and missing cardinalities can be requested
from the EU. Cardinality errors would have to be checked in the data itself. It
would be impossible to find a definite answer in all cases: impossible for example
to contradict a relation 0:n, but a relation 0:1 can be easily verified.

The first issue we had seen in the analysis section can easily be handled.
The second has been verified by this validation study, and the debriefing of
the test. EU who have passed the study may now be fully involved in future
development so we can keep clear interfaces. Our parsing phase shown that file’s
minor malformations can be handled, we must continue to test it with bigger
malformations. Finally, we have not faced the sixth issue yet, we might encounter
it with more databases.
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6 Conclusion

With this case study, we shown that it is possible for a domain expert, novice
in computer science, to build an ontology from existing data. We have evoked
the problems faced by users and proposed several solutions. The construction of
such as system, however, is not completely solved, since many semantic problems
will have to be solved at the data level. Finally, the creation of an adapted query
system could allow end-users to find a concrete interest in its use.
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