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Framework of visual analytics for medical rehabilitation

Framework d’analytique visuelle pour la réhabilitation médicale
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Abstract — The accumulation of tremendous amount of medical data in healthcare centers has created a great potential for

applications of visual analytics. In this study, a framework for collecting, managing, analyzing and visualizing medical data

for rehabilitation therapy is proposed. The developed visual analytics system receives data inputs from different sources; it
performs the homogenization of data structures, the creation of datasets and allows the visualizations using bar graphs and

pie charts based on univariate and bivariate analysis. This system was deployed in a server using Ubuntu 16.04 operating

system, equipped with Hadoop 2.9.0, WildFly 9.0.1 and MySQL. Finally, the result of initial testing is promising for medical

decision-making.

1 INTRODUCTION

The application of visual analytics in healthcare has been
shown to save substantial amount of working time [1],
significantly reduce expenditure [2], as well as, offering a
personalized service [3]. Medical rehabilitation is one of
the fields that can benefit considerably from visual
analytics. The rehabilitation process can be a really long
and demanding process, which requires motivation and
perseverance [4], [5]. Immediate feedback is one of the
main prerequisite of a motivating rehabilitation system
[6], [7]. Visual analytics can provide that instant feedback
to the patients to enhance their adherence to the
rehabilitative programs. In addition, it can be
incorporated to help therapists monitor the progress of
their patients, as well as, supervising and directing the
course of their therapy [8], [9].

Visual analytics can be used for both physical and
cognitive rehabilitations. For example, the rehabilitation
of neuro-motor disorders caused by a brain injury such as
stroke can be a very difficult and lengthy process for the
patients. As part of the rehabilitation practice, constant
feedback is required for both patient in terms of
motivation and therapist to better assess and supervise
the situation [6], [7]. An example of cognitive
rehabilitation is dyslexia remediation. Learning to read
can be a hard and laborious task, especially when the
child is underachieving and feeling the pressure of lagging
behind, which leads to demotivation for engaging in
reading activities, which in turn can further widen the gap
between achieving and underachieving readers [10]-[12].
Similarly, integrating visual analytic systems into the
reading interventions can produce the extra motivationin
children to follow the program and for the therapist to
monitor the progress of the therapy programme.

Visual analytics is not merely about monitoring the
current state of a patient. Its full potential comes in the
form of supporting the medical decision-making. It can
propose new rehabilitation directions based on the actual
state of the patient. In addition, it can analyse other

patients with similar states and based on their data,
predict what will be the best course of action for the
actual patient [3].

Home-based rehabilitation can be defined as the
provision of rehabilitation services to a patient at home,
by a therapist located at a remote site, which reduces the
transportation constraints and the associated costs [13],
[14]. Some of the main benefits of the home-based
rehabilitation are: no geographical constraint, monitoring
and intervention by the therapist, real-time patient’s data
capture and allowing one therapist to monitor multiple
patients [14]-[16].

Related Works

S. Mahmud et al. [17] proposed a framework for analyzing
and visualizing the health-shocks predictions. They
utilized a large-scale digital health dataset collected from
1000 households, to create a predictive model based on
fuzzy rule summarization technique. Their framework
was developed using cloud computing services and
geographical information systems, and was able to
capture, store, index, and visualize the analysed data.

W. Lin et al [18] proposed a framework of a self-caring
service fed by big medical data. This cloud-based service
is called “Home-Diagnosis”, which was implemented at a
prototype level; it offers the users the possibility of
selecting their symptoms classified by body parts. Once
the symptoms were selected, the system computed a
disease-symptom lattice and presented the results to the
users to help them judge their disease.

2 APPROACH AND ARCHITECTURE

In this research, a visual analytics framework is proposed
and developed to collect, manage, analyse and visualize
healthcare data. More precisely, it includes five modules:
a relational database, big data ecosystem, data analysis,
dashboard and operational block. Each of these modules
are briefly described in the following section.

Relational database: It is the database that aims at saving
the following items:
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-Details of users’ profiles (name, username, password,
etc.)

-The coordinates of sources added by the users. For
example, for a single database there will be the records of
its name, address, type, port, as well as, its architecture
of tables and columns.

-Datasets created by the users

-Results of analysis accomplished by the system

Big data ecosystem: Being equipped with a NOSQL
database, this part constitutes the active data support
that exists in the sources added by the users. In this case,
the data can be very large. The ecosystem must ensure
the smooth operations of reading and writing on the
existing data.

Data analysis: This module works only when there is at
least one data source connected to the system and at
least one dataset is created. This module performs a
univariate analysis (single variable analysis) for each
column that exists in the NOSQL database, as well as, a
bivariate analysis.

Dashboard: This module visualizes the final analysis
results to the users. For reaching the dashboard, the users
must create at least one dataset and they have to choose
the dataset to be analysed and visualized. For numerical
variables, the visualization will be a linear graph and a
table containing the results of calculations of statistical
guantities. For categorical variables, the display are in bar
graphs and pie charts, which present the percentages of
the values for each variable.

Operational Block: From this module, users can connect
the Framework with data sources. For this objective, the
users must first create a profile, then authenticate, so that
they are redirected to the home interface where they can
add one or more data sources.

3 SPECIFICATIONS

Functional and non-functional requirements that were
targeted to be implemented into the proposed visual
analytics framework are listed below.

Functional requirements:

-Extraction of data from their sources regardless of their
types and structures

-Homogenization of the structures of the added data into
a single structure

-Enabling users to add new datasets from the added data
-Performing data analysis and predictive calculations
Non-functional requirements:

-Security: Connection establishment requirements, CRUD
levels (Create, Read, Update and Delete), password
requirements (length of the configurable password,
special characters, expiration), disconnection after idle
activity, etc.

-Performance: Response time, loading, refresh times,
computing speed, data importing and exporting, data
query and reports.

-Integrity: The capture of input-output errors and
management of corrupt/incomplete data.

-Ergonomics & Ul: Density of elements on screens, layout
and flow, colors, accessibility, languages, spelling,
formats, etc.

4 |MPLEMENTATION

This visual analytics system was built using a Macintosh
laptop (4GB RAM, Corei7 processor). It was developed
using Eclipse Luna JAVA EE (version 7), JDK 1.8 and XAMP.
It was ultimately deployed in a server with Ubuntu 16.04
operating system, equipped with Hadoop 2.9.0, WildFly
9.0.1, MySQL and Apache HBase.

Initial testing: At the end of the development process,
two simple initial testing scenarios were designed to
accomplish a preliminary evaluation. These tests are
described below.

On a single local machine: the system was deployed in a
local machine (Macintosh Laptop, 4GB RAM, Corei7
Processor). A specific test, it was observed that obtaining
the analysis of results from a dataset containing 10
columns and 1000 entries was estimated to take around
three seconds (including data transfer time).

On multiple machines (Clients / Server): In addition to the
local deployment, the system was deployed in a server,
enabling multi-users to utilize the system. The same test
was performed and the analysis of results from a dataset
containing 10 columns and 1000 entries taken on average
around five seconds (including data transfer time). This
was two seconds slower than the local deployment. The
visual analytics allowed the user to perceive the trends
represented by the collected data.

5 CONCLUSION AND PERSPECTIVES

In this study, a visual analytics framework is developed to
facilitate and enhance the medical rehabilitation
processes. The ultimate goal of this system is to increase
the motivation of patients for adhering to their
rehabilitation program by providing them with feedbacks
about their activities, as well as, to help therapists
monitor and supervise the rehabilitation process.
Different types of data can be fed into this system, it
offers the user the ability to create personalized datasets,
it analyses the data for both numerical and categorical
variables using univariate and bivariate analysis, and
finally, it visualises the data in forms of bar graphs, pie
charts and tables.

For future studies, a more in-depth evaluation is
necessary to optimize the proposed framework, in terms
of the speed of processing and quality of the information
displayed by the visual analytics. In addition, other
analytical models could be incorporated into the
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framework for providing a deeper insight into the medical
data.
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Figure 1: A) Architecture of the Framework.
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Figure 2: Up) Operational Block.

Down) Example of visualization



