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Abstract. In the current Big data ecosystem, identifying the data with the real 
value to an organization, or in other words the “data value", is a key issue for 
the decision making process. Understanding data implies a challenging cogni-
tive process, which involves the know-how of domain experts. We propose an 
approach based on conceptual modelling to discover the data value through the 
interactions made by users when exploring the data. Our main ideas are: 1) To 
create a base of domain knowledge represented by interactions; 2) To formalize 
the interactions of the users with the data ecosystem. Our goal is to express 
high-level interactions between end-users and the data scenario, which repre-
sents the cognitive process followed to enact value from data. Such interactions 
together a subjacent conceptual model will be the mechanisms to recommend 
the next data exploring steps. In this paper we provide a solution design to gen-
erate value from the huge amount of data. 
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1 Introduction 

 
"Big data" is a umbrella term for expressing the huge ecosystem of structured and 

unstructured data, which has become a issue of great interest for industry due to it 
represents a potential resource to get an in-depth understanding of data. Because the 



heterogeneous characteristic  of data, "Big data" requires data analysis mechanisms 
more powerful  than the traditional ones. [1]. “Decision makers of all kinds, (…), 
would like to base their decisions and actions on this data” [2]. Turning data into 
meaningful information becomes a challenge [3][4]. Understanding the data is a com-
plex task that involves to locate relevant information from the large amount of exist-
ent data and the cognitive process involved to obtain the “data value”.  

But, what is the meaning of  "data value"? We define the "data value" like the 
meaningful information obtained from a sense-making process that adds value to the 
accomplishment of user goal. Data become information when they are ascribed value 
[3]. In a sense-making process, domain experts create, modify, and evaluate schemas 
of relations between items [5] [6] . Such schemas are representations of conceptual 
models consisting of concepts and their relationships that allow people to abstract a 
problem. In the Software Engineering and Data Base areas, conceptual models are 
usually used to organize and shape the body of knowledge, as the skeleton fulfils its 
function in the human body. However, understanding such conceptual models in order 
to explore and generate value from data is not an easy task even by skilled technical 
people. Therefore, the need for an intuitive mechanism for manipulating the concep-
tual model as support for sense-making process by non-skilled users becomes a chal-
lenge.  

This is where the prediction based on user-interactions and the interactive visuali-
zation come into play. In the data sense-making process scenario, predictive interac-
tions could be the way to facilitate the conceptual model understanding. Capturing 
and formalizing the resulting domain expert interactions become source of tracks 
about their preferences, behaviour and decisions. Thus, inferring over such interac-
tions in order to predict the next steps to take by users together a suitable visual guide 
can help them to decrease the complexity on understanding the conceptual model. 

The aim of this research is obtaining the data value through a sense-making pro-
cess to provide meaning from data. To achieve such a goal, in this paper we describe 
the design of an approach based on underlying conceptual model and end-user inter-
actions in order to generate data value from a huge data set. The domain expert will 
work on visualizing and exploring data and the set of registered interactions together 
an underlying conceptual model will be the source of recommendation to generate 
meaningful information. 

In order to apply our research, we selected the genetic diagnosis of diseases as a 
case of study, where from a huge amount of genetic data, domain experts (clinicians, 
physicians, scientists, etc.) carry out a sense-making process to detect whether a per-
son has an illness or estimate the risk of developing some disease. From a genetic 
sample taken from one o many patients, the practitioners explore and analyse manual-
ly the genetic data to find relationships between sample genetic mutations and rele-
vant information of genetic diseases, which is available on public genetic databases. 
This is like finding a needle in a haystack. Finally, the relevant findings that contrib-
ute to the diagnosis are consolidated y reported. 

 Our proposal is related to the analysis phase, where the coalescence between ap-
propriate interactive mechanisms and the genome conceptual model [7] may be a 
suitable mechanism to generate value of the large amount of genetic data. 
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The paper is structured as follows: the next section summarizes the related work 
then, in Section 3, we present the Design Science research methodology [8] applied to 
this research. In Section 4, we describe the problem statement and identify the re-
search questions we plan to answer in the proposed work. Finally, section 5 presents 
an overview of our solution design. 

2 Related Works 

In this section, we briefly review relevant works from Human-computer Interaction, 
Information Retrieval, and Data Visualization and Machine Learning that are related 
to improving the way in which users get meaning from the data. 
Le et al. [9] discuss the use of analytic trails technology as part of Smarter Decisions 
to support the users when conducting visual data analysis. Although the use of the 
analytic trails is focused on the aspects of analytic provenance, asynchronous collabo-
ration, and reuse of analyses, it is important to mention that the captured interactions 
become the source of “trails” of analysis tasks representing the analytic steps taken by 
the user during visual data exploration.  
Athukorala [4] analyses how user interaction modelling can be applied to provide 
better support in exploratory information–seeking. He proposes to model the user 
behavior to allow information retrieval systems to infer the state of exploration from 
observable aspects of user interactions.  
JIT interactive analytics [10] is a proposal to join computational and visual tech-
niques. JIT analytics is performed in real-time on data that users are interacting with 
to guide visual-analytic exploration where enriching visualizations with annotations 
suggests to users possible insights to examine further.  
In [11], RockQuery is proposed as a Visual Query System (VQS)/Data Query Tool 
that combines ontology views with interaction community techniques to reduce the 
overload of information by presenting visually to the user only the information that is 
required by the data exploration task at hand. 
In [12], a knowledge navigation infrastructure is presented to explore literature related 
to dengue disease. A content acquisition engine drives the delivery of dengue-specific 
literature from public repositories by means of previously identified keywords.  
In [13], Optique is presented as a tool to enable the access to Big data from a ontology 
based approach to formulate visual queries. 
In [14], focused on exploratory search, is presented an approach where users can di-
rectly manipulate document features (keywords) through a graphic user interface to 
indicate their interests and reinforcement learning is used to model the user by allow-
ing the system to trade off between exploration and exploitation. 
 
All the works cited describe mechanisms aimed to allow users to get insight of large 
dataset. Although they use annotations and keywords as source of automatic learning 
approaches, they do not focus on the interactions set as a source of valuable infor-
mation. We propose an approach where the process to get value from data is support-
ed by both the inference over the user-interactions as guide to discover related data 



and the conceptual model as guide to allow users to visually navigate on obtaining 
value from data. 

3 Research Methodology 

This research will follow the guidelines of the Design Science Methodology [8]. 
Design Science is oriented to information systems and software engineering research, 
an appropriate approach to the nature of our research. The main object of study of this 
methodology is an artifact in a problem context. In our case, the artifact is: 

A conceptual modelling approach to generate data value  
based on user interactions 

And the problem context consist of: 
Data analysis. 

Our research is considered as a utility-driven exploratory research project. Explora-
tory research since our stakeholders (SENESCYT and Escuela Politécnica Nacional) 
are willing to sponsor an exploratory research and utility-driven since the research 
results must accomplish with its budgets and goals. Such goals can be expressed in a 
hierarchical structure where the achievement of high-level goals is the result of the 
achievement of every low-level goal. Our goals are defined and ordered from highest 
(G1) to lowest (G4) goals level, as follow: 

 
• G1: Develop a conceptual modelling-based approach to generate data value 

through the end-user interactions. 
• G2: Determine the conceptual modelling-based approach to generate data 

value through the interactions.  
• G3: Predict the effects caused by the approach in the context of use. 
• G4: Make a literature review to determine the existent approaches to address 

the generation of data value from both the conceptual model and interaction 
perspectives. 
 

The defined goals derive problems classified on design problems and knowledge 
questions. Solving design problems imply changing the real world to suit human pur-
poses, in contrast, solving knowledge questions imply acquiring knowledge about the 
world without necessarily changing it [15]. In order to deal with the mentioned prob-
lems, the methodology provides two rational nested problem-solving cycles, which 
consist of several tasks. Both cycles work in a nested way ensuring the design and 
evaluation of artifacts. The Fig. 1 shows the two nested cycles applied to our research 
project. The Design Cycle contains three tasks (from T1 to T3) to address design 
problems, whereas the Empirical Cycle contains five tasks (from T4 to T8) to address 
the knowledge questions. It is important to mention that, the design cycle is a sub-
cycle from Engineering Cycle, for this reason not all tasks from engineering cycle are 
regarded into the design cycle. Design science projects are always restricted to the 
first three tasks of the engineering cycle [8]. The treatment implementation (T9) is out 
of scope of this research project.  
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Fig. 1. Design Cycle and Empiric Cycle applied to the research 

4 Research Questions 

Our research aims to provide an conceptual modelling approach to generate data 
value throug user-interactions. To achieve this goal, We have defined the research 
questions showed in the Table 1.  

 
Code Research Question Goal Problem Type 

RQ 1  What approaches exist for data value generation 
supported by conceptual models and end-user inter-
actions?  

G2, G4 KQ 

RQ 2 How to develop a conceptual modelling ap-
proach to generate data value through the end-user 
interactions? 

G1 DP 

RQ 2.1 Identify the user-interactions that can be suitable 
to support generating data value 

G1, G4 DP 

RQ 2.2 Define the user interface characteristics that al-
low user to generate value from data. 

G1, G4 DP 

RQ3 What effects does the approach applied to the 
context of use cause? 

G3 KQ 

Table 1.   Research Questions 

Every research question is related to the target goal defined in the Section 3, and 
the research problem type: knowledge questions (KQ) and design problem (DP). 

T 1.- PROBLEM INVESTIGATION

T 2 .- TREATMET DESIGN

T 3 .- VALIDATION OF THE SOLUTION DESIGN

EMPIRIC AL 
C YCLE

Validate the 
proposed 
approach

DESIGN C YCLE

Design a 
conceptual modell ing-based

approach to generate data value 
through 

the end-user interactions

T 9 .- TREATMENT IMPLEMENTATION

T 1.1 Investigate the need 
for generating data value from a huge 
amount of data 
T 1.2 Investigate the conceptual 
framework attached to the problem.
T 1.3 Investigate existent approaches 
related to the problem
T 1.4 Define criteria to evaluate the 
approach

T 2.1 .- State of Art in data analysis 
supported by interactions
T 2.2 .- Identify relevant interactions on 
data analysis
T 2.3 .- Specify prototype requirements
T 2.4 .- Identify the learning method to 
infer over interactions
T 2.4 .- Design a DSL to manipulate 
genomic data
T 2.5 .- Design the visual user interface 
to support interactions 

T 3.1 .- Design a protocol to validate the 
proposed approach

T 4 .- RESEARCH PROBLEM INVESTIGATION
T 4.1 .- Define the research goals

T 5 .- RESEARCH DESIGN
T 5.1 .- Define the experiment context
T 5.2 .- Design the experiment

T 6 .- VALIDATION OF RESEARCH DESIGN
T.6.1 .- Review the instruments to collect data
T 6.2 .- Validate the experiment design

T 7 .- RESEARCH EXECUTION
T 7.1 .- Collect the interactions data 
as a result of the data analysis.
T 7.2 .- Enterview to participants

T 8 .- DATA ANALYSIS
T 8.1 .- Evaluate the strenghts and weaknesses 
of the proposed approach according 
to validation protocol

T 1

T 2

T 3

T 4

T 5

T 6

T 7

T 8



5 Solution Design Proposal 

 
Our proposed approach is oriented to provide an environment where a domain user 

can be guided by predictive interactions when exploring a large dataset. The process 
is depicted in the Figure 2. In the first step, a graphical user interface allows user in-
teract with conceptual model elements expressed in meta-information in order to or-
der to explore and make sense of data showed. In the second step, the interactions 
performed are stored in a knowledge database. Every action performed when the user 
explores the data, represents an interaction consisting of a) the data attributes to spe-
cialize the exploration and b) the track of conceptual model nodes visited until while. 
In the step 3, an inference engine consisting of predictive algorithms takes the stored 
interactions in order to suggest possible steps in the search process. The outcomes are 
transformed to a suitable input for a DSL depicted in the step 4. The DSL use the set 
of data attributes to request from database, the related data that accomplish the search 
constraints, whereas the track of conceptual model selected is used to reasoning over 
the conceptual model in order to find out the connected concepts related to the last 
visited element. Those two sorts of information: related data and connected concepts 
are communicated to the graphical user interface as depicted in the step 5. The 
showed data represent the actual state of search whereas the connected concepts be-
come on the possible next steps that systems suggest to the user in order to guide the 
process of get meaning of data. 
Unlike data-driven traditional approaches, where the users requires knowing the 
conceptual model in order to create tailored queries to their needs, we aim to provide 
an interactive and predictive mechanism that combines both the data-driven and 
model-driven perspectives, that allows the user to obtain answers to their questions 
while discovering the knowledge guided by the conceptual model of the problem. 
Hence, end-users do not need to know the whole conceptual model which represents a 
complex task.  
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Fig. 2. Solution Design 

 
The main contributions to be expected from this work are: 

1. Exploratory study of interactions of genetists when diagnosing genetic diseases. 
2. Design a prototype to generate data value through user interactions, applied to the 

genetic diseases diagnosis  
3. Formalize the user-interactions involved on diagnosing genetic diseases. 
4. Evaluate the user-interactions based approach on a real scenario. 
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