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Abstract. The use-case described in this paper covers data acquisition and
real-time analysis of the gathered medical data from wearable sensor system.
Accumulated data is essential for monitoring vital signs and tracking the
dynamics of the treatment process of disabled patients or patients undergoing
the recovery after traumatic knee joint injury (e.g. post-operative rehabilitation).
The main goal of employing the wearable sensor system is to conduct reha-
bilitation process more effectively and increase the rate of successful rehabili-
tation. The results of data analysis of patient’s vital signs and feedback allow a
physiotherapist to adjust the rehabilitation scenario on the fly. In this paper, we
focus on the methodology for data modelling with a purpose to design a
computer-aided rehabilitation system that would support agility of changing
information requirements by being flexible and augmentable.
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1 Introduction

One of the most common cases of injuries that occur in people of all ages is an injury of
the knee joint. As reported in [1], in the year of 2010 there were roughly 10.4 million
patients’ visits to doctors’ offices because of common knee injuries such as fractures,
dislocations, sprains, and ligament tears. In most of the cases, a surgical assistance is
required for healing process. Then a rehabilitation routine follows that is aimed to
minimize swelling and return the range of movement as well as to strengthen leg
muscles by taking into account limitations set by a physiotherapist (e.g. flexion limi-
tation to 90°, length of the rehabilitation session, etc.).

Rehabilitation is one of the most important parts of the treatment process.
Laboratory-based equipment could be used to collect data on angular motion, and
though this kind of research advances valuable information, the results remain valid
only in conditions where no anticipation or reaction to the real world environment is
required. According to [2], a body sensor network consisting of wireless sensors
attached to a patient provides a promising method to collect clinically relevant infor-
mation about knee function in everyday situations. In [3], it is recommended that
healthcare specialists in the hospital would supervise the rehabilitation process,
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however, patients should undergo necessary procedures on their own taking doctor’s
prescriptions into consideration. Continuous real-time monitoring can be achieved by
using wearable devices and wireless sensor networks. Meanwhile, long-term moni-
toring of the physiological data could lead to significant improvement in the diagnosis
and treatment of the diseases as stated in [2].

Real-time data analysis is critical to perform diagnostics and trace the dynamics in
changes of the patient’s state of health. Typically, data to be ingested is acquired in real
time from a set of wireless sensor networks consisting of embedded devices with
inertial measurement unit (IMU) and other sensor units. Our developed system aims to
fill in the gap and provide an approach for patient post-operative rehabilitation mon-
itoring. The system consists of a combination of embedded devices, sensor nodes for
data acquisition, and a mobile application for data storage (NoSQL database) and
analysis. The mobile application provides data to a web-based framework for data
visualisation, analytics, and Cloud-based storage. In this paper, we concentrate on the
aspect of data modelling suitable for performing both real-time and a more complex
historical analysis of patients’ data and discovered challenges that persist.

The remaining part of the paper is organized as follows. Section 2 gives a summary
of related work both in the area of knee joint rehabilitation monitoring and data
modelling for such systems, Sect. 3 presents a short overview of our framework,
Sect. 4 describes our envisioned approach for data model re-design, and Sect. 5
finalizes the paper with conclusions and future work in different directions.

2 Related Work

To explore the existing wearable sensor systems used for knee joint rehabilitation
monitoring and find possible gaps in this area, we accomplished a small-scale literature
study. We performed the search via Google Scholar and IEEE Sensors Journal data-
bases, and limited the timeframe to the last ten years to get the most recent papers (e.g.
data from proposed systems is compared to new technological product like Microsoft
Kinect or XSens Technologies systems). We used the following search string in Google
Scholar: “biofeedback” AND “rehabilitation” AND “wearable” AND “sensor” AND
“knee joint” AND (year >= 2006 AND year <= 2016) NOT patents.

In IEEE Sensors Journal we set the search restrictions to: Keywords = knee
motion; Journal = sensors. We reviewed to most relevant 100 papers out of 483 found
in Google Scholar and all 8 retrieved from IEEE Sensors. A part of the papers were
eliminated because the search keywords were used in a different context (e.g.
non-computer science field, systems developed for other applications, literature
reviews, surveys). Snowballing applied for the paper with the highest number of
citations [4] resulted in 15 papers for further analysis.

We were interested in investigating the following research questions. RQ7: What
type of biofeedback is provided to the patient during rehabilitation session? RQ2: What
kind of sensors is used for knee joint rehabilitation monitoring? RQ3: What type of
communication/feedback is returned to healthcare specialists? Regarding RQ1, Foody
et al. [5] described a biofeedback mechanism and proposed a video game that is
capable of providing audible and visual feedback/instructions to a user. Matsubara et al.
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[6] analysed the impact of biofeedback given to patients during rehabilitation sessions.
To answer RQ2, mainly IMU sensors for data acquisition are employed for dynamics
monitoring. Five studies included only accelerometers and gyroscopes [7-11]. For
example, Seel et al. [11] stated that they avoided using magnetometers in their system,
so that it would not rely on a homogeneous magnetic field. In [12], gyroscopes were
avoided, and data acquired exclusively from accelerometers and magnetometers was
combined. Yamada et al. [7] presented a system that had conductive textile sensors for
data acquisition. They proposed a class of wearable and stretchable devices fabricated
from thin films of aligned single-walled carbon nanotubes. Considering RQ3 on
communication/feedback, Daponte et al. [12] claimed that clinical staff is able to
remotely monitor the movements of the subject via 3D reconstruction. Yurtman et al.
[13] stated that the feedback could also be in the form of the notification alerts to
inform physicians/therapists only when needed.

Though other research groups have conducted a number of studies, we noticed that
little attention is paid to the data modelling as such. It yielded another research
question, RQ4: Is there a data modelling approach to enhance both real-time and
historical data analysis? While looking for relevant papers on data model design for
use-cases similar to ours, we performed a search in Google Scholar by the following
string: (“data model”) AND (“post-traumatic” OR “post-operative”) AND -
“post-traumatic stress disorder” AND rehab*. However, out of 72 sources no relevant
work regarding data modelling for rehabilitation procedures was found. The typical
approach for storing data is a traditional relational model. In [14] an elaborate
description of the relational database to store human motion data is presented. Nev-
ertheless, either of the sources lacks discussion about handling the data model if it
evolves over time.

In our paper, we put an emphasis on selection of the approach for data storage
guided by a set of restrictions of the system. The restrictions include the need for both
real-time and historical data analysis, frequently changing information requirements
and, as a result, new data objects and structures, and so on.

3 Framework Architecture for Knee Joint Dynamics
Monitoring and Its Further Extensions

The initial version of the framework for knee joint dynamics monitoring is presented in
[15] and depicted in Fig. 1. A physiotherapist is able to view real-time and historical
analysis data of a patient’s knee joint measurements, and perform an assessment of a
patient’s state of health and monitor dynamics of convalescence. The rehabilitation
program consists of the number of stages during which a patient is prescribed to fulfil a
set of exercises on a regular basis either under supervision of the physiotherapist or at
home on his/her own in unattended mode. The developed framework prototype con-
sists of wearable devices and mobile software for health data acquisition. The aim is to
ensure that a physiotherapist is able to monitor patient knee joint movement angle in
real time during rehabilitation procedures and adjust the rehabilitation program if
necessary. A mobile application was developed to make calculations, analyse collected
data from sensor nodes, store and visualize it, and provide feedback. Application
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functionality includes communication with a patient via real-time feedback. Alerting
about the dangerous situations such as exceeding doctor prescriptions on time can help
decrease the chance of repeated injuries. Notification system is implemented based on
health specialist/patient communication style aiming to create a similar feeling of safety
during in home rehabilitation when a patient is under direct supervision of the phys-
iotherapist. A patient is notified automatically when exceeding the flexion limit
threshold, violating the rule of exercise execution, reaching the end of rehabilitation
exercise session, or the rehabilitation exercise session iS over.

Visualization of Knee Joint
Flexion Angle Data

Notifications

Data Visualization
=) (S s
e N
Patient .
Device Sensor Unit “A
Physiotherapist

Fig. 1. Structure of proposed framework architecture for knee joint dynamics monitoring.

Another task is the quality check of the real-time data streams and employed
equipment; the data received from each sensor should be verified and validated. If the
produced data is incorrect (e.g. duplicated/bad/absent data), then the malfunction of a
particular sensor is detected, and this sensor needs to be serviced or replaced.

Currently, the framework provides a real-time monitoring of flexion angle during
two types of exercises: squats and patient’s knee flexion. Wearable sensor system
consists of a circuit board with MSP430 microcontroller for data sampling with 50 Hz
rate and 4 sensor nodes that include sensors (3-axial accelerometers and magnetome-
ters). For knee joint flexion/extension angle calculation a network consisting of four
3-axial accelerometers mounted on the knee is used. Precision of the developed pro-
totype is £0.79° in comparison to industrial goniometer (precision: £0.1).

It is planned to broaden the spectrum of recovery exercises (e.g. short-arc exercise,
straight leg raise as in [10]), extend the number of sensor units required for taking
measurements (e.g. pulse, blood pressure), gather more patient-related data (e.g.
feedback from the patient on how he/she feels during/after exercise sessions), perform
statistical analysis of grouped patients’ data (e.g. by cohorts of patients determined by
their characteristics and habits, state of health features, past diseases). All of this leads
to larger volumes of data, more sophisticated analytical tasks that may be set as the
framework evolves, and implies a need to re-design a data model, altogether serving as
a motivation for this study.
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4 An Approach to Data Model Re-design and Its Challenges

The data has to be accumulated in the special data storage and pre-processed during
ingestion process in a form suitable to perform further real-time and historical analysis
of patients’ data. In this section, we discuss issues and requirements for the data storage
suitable for our use-case that covers the task of organizing data on patients and
rehabilitation programs.

4.1 Structural Flexibility and Automatisation Capabilities

Collected data should be arranged so that the maximum structural flexibility would be
feasible. The exact and final structure of data is not yet fully known, and it is not
considered to be a reachable goal. A tentative conceptual model of the framework for
knee joint dynamics monitoring is given in Fig. 2; “** indicates the extensibility of the
entity or reference to another entity, while ‘A’ indicates a sub-process.

Our goal is to design a data storage that would ensure the restructuring of data as
the framework evolves. For instance, in the conceptual model (Fig. 2), such entities as
Exercise, PhysicalFinding, BaselinePattern, Habit, StateOfHealth, etc. may be
extended with a number of attributes, which are not specified yet. Attributes such as
ExerciseType, SmokingFreq, DailyActivityType, etc. should be represented as separate
entities not included in the model for readability reasons. Furthermore, a similar
principle applies to the data representation of the rehabilitation program in general,
which is defined as a complex hierarchical structure. For example, GeneralEvaluation,

RehabProgram ProgramStage X devlcedata
RehabProgram ProgramStage patient daia
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SurgeryDate PersonalCode GeneralEvaluation® < OrderNr rehabilitation data
— Technique FirstName ProgramAlignment” StageEvaluation® ~ realtime data
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J

Fig. 2. Conceptual model of the framework for knee joint dynamics monitoring.
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ProgramAlignment, BaselinePatternTemplate, DataQualityIndication refer to a set of
entities that describe separate sub-processes of the rehabilitation program (e.g. pattern
matching between patient’s exercise pattern and a baseline acquired by machine
learning algorithms) and are not reflected in the model.

Data structures should be used to select an appropriate rehabilitation program
automatically. In fact, a mapping has to be built which takes data on Patient, Diag-
nosis, Surgery, Disease, Medication, Habit, PhysicalFinding, and StateOfHealth that
serves as an input to suggest an appropriate rehabilitation program for each patient.
Taking into consideration that the final version of the data model does not exist, we
formulate a set of overall requirements that have to be met in the course of the physical
implementation of the data model. It should ensure maximum simplicity of main-
taining: (i) changes in the structure of all entities of the data model, (ii) changes of
inter-component relations, and (iii) history of all changes made.

4.2 Complexity of the Data Model Re-design

A relational data model would ensure the implementation of the above-mentioned
requirements, but still it is not adaptable to support the frequent changes: it requires
significant time and effort of software developers for re-designing data structures and
adjusting analytics. As adaptation to changes should be carried out unpredictably often,
this approach will not give proper effectiveness and is unlikely to be justified.
A “check-list” for the data model could be as follows: it should combine transactional,
historical tracking/data warehousing and analytical processing features, being effort-/
time-saving in development and further support.

According to the results of recent studies [16, 17], other typical data models (e.g.
the ones used in data warehousing, DW) are not efficient enough for providing capa-
bilities of the real-time data acquisition, whereas Data Vault (DV) model suggested by
Dan Linsted [18, 19] fits better for this purpose.

State-of-the art studies [17, 20, 21] show that Data Vault (DV) model is designed
for solving the problems of flexibility and performance, enabling maintenance of a
permanent system of records (“all data, all the time”). The DV incorporates concepts
from massively parallel architectures, Big Data, real-time and unstructured data, and
enables agility in data model re-composition in the context of rapidly changing
information requirements; these features determine our data model. As formulated in
[18]: “Data Vault resolved major (flexibility and performance related) DW problems by
elevating staging area into a persistent system of records”. In our use-case, we do not
deal with DW; nonetheless, the DV approach classified as operational is the best choice
for our system. As stated in [22], it is an extension to the DV that is immediately
accessed by operational systems, and is used when the real-time support as well as
reading or writing directly to the data storage is required.

DV includes hubs, links, and satellites. We illustrate DV data structures with an
example in Fig. 3a. Hubs correspond to objects of the conceptual model represented as
unique lists of business keys that are used to track and identify key information (e.g.
HUB_PATIENT and HUB_REHAB_PROGRAM). Links define relations between
objects (e.g. LNK_PATIENT_REHAB_PROGRAM). Satellites contain descriptive
attributes of the objects (e.g. SAT_PATIENT, SAT_PHYSICAL_FINDING).
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(@) (b)

LNK_PATIENT_REHAB_PROGRAM
LNK_PATIENT_REHAB_PROGRAM_PK

HUB_STATE_OF HEALTH
HUB_STATE_OF_HEALTH_PK
HUB_LOAD_DTS

HUB_PATIENT_FK hub

HUB_REHAB_PROGRAM_FK HUB_REC_SOURCE

LNK_LOAD_DTS satellite

LNK_REC_SOURCE

SAT_STATE_OF_HEALTH_1
SAT_STATE_OF_HEALTH1_PK

SAT_STATE_OF_HEALTH_2
SAT_STATE_OF_HEALTH2_PK

HUB_PATIENT HUS_REHAB_PROGRAM HUB_STATE_OF_HEALTH_FK HUB_STATE_OF_HEALTH_FK
HUB_PATIENT_PK HUB_REHAB_PROGRAM_PK HAS_ASTHMA HAS_ASTHMA
S ONATTcone HUBSKOADIDNS HAS_HYPERTONIA HAS_HYPERTONIA
HUB_LOAD_DTS HUB_REC_SOURCE HAS_ATRIAL_FIBRILLATION HAS_ATRIAL_FIBRILLATION
HUBRECSOURCE | IS_ON_DIET IS_ON_DIET
SUGAR_LEVEL SUGAR_LEVEL
SAT_PATIENT SAT_PHYSICAL_FINDING
AT, Al DYSPNEA
SAT_PATIENT_PK SAT_PHYSICAL_FINDING_PK SATEEORD RS AR v
SAT_REC_SOURCE SAT_LOAD_DTS
HUB_PATIENT_FK HUB_PATIENT_FK
SAT_REC_SOURCE
FIRST_NAME AGE_CATEGORY
LAST_NAME DAILY_ACTIVITY_TYPE
GENDER WEIGHT_CATEGORY

SAT_LOAD_DTS
SAT_REC_SOURCE

SAT_LOAD_DTS
SAT_REC_SOURCE

Fig. 3. (a): Representing entities Patient and RehabProgram in hub/link/satellite data structure,
(b): Two versions of StateOfHealth satellite table (before/after adding HasDyspnea attribute).

Each structure element of the DV has its load date timestamp (<struc-
ture>_LOAD_DTS) and record source (<structure>_REC_SOURCE).

In our use-case, the determining factors are the flexibility of restructuring and
historicity of the data. Change management should be available not only at the
development stage, but also to framework users (e.g. support/non-technical staff) in the
process of its operation. Hence, it leads to introducing a functional layer to describe
the transformations both in data structures and mappings by means of the graphical user
interface (GUI). A subject-oriented data definition language (DDL) should be provided
to operate freely with conceptual objects. The concept-based statements should be
translated to the 2nd layer DDL statements applied to DV objects. We are evaluating
the existing solutions on the subject of their applicability to our domain of study.

Let’s consider an example of representing StateOfHealth entity of the conceptual
model (Fig. 2) as a DV object. The corresponding satellite table SAT_STATE_
OF_HEALTH_1 (Fig. 3b) contains a set of attributes that got extended with an attri-
bute HAS_DYSPHNEA represented in a new satellite table SAT_STATE_OF_
HEALTH_2. Starting from the moment when the attributes are added to the existing
satellite table, their values in the old records of the table will be empty. Thus, the
application of a multi-instanced approach to represent satellites is more rational when
creating a new satellite with a new set of attributes linked to the same hub table
(HUB_STATE_OF_HEALTH). Usage of satellite tables is determined by the time of
creation of a new satellite, and also by a particular treatment program. Thus, the whole
history of changes in entity structure is being preserved.

The core of any rehabilitation program is a set of exercises during each stage. In the
course of time the set may be altered (e.g. some exercises get eliminated/added). This
way, hub tables HUB_EXERCISE and HUB_REHAB_PROGRAM should be
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re-linked maintaining the history of all changes. For example, if two new exercises are
added to the link table, then for the rehabilitation program with the code, say, RPI the
old exercise code EI remains as a historical record and two new exercise codes
(exercise code is E2 or E3) are linked as current ones. Data on physiotherapists that
restructures a rehabilitation program is also stored in the link table.

4.3 Analytical Reports to Assess the Effectiveness of Rehabilitation
Programs and Technical Implementation Features

Analytical reports available in the framework are supposed to be of various types with
filtering capabilities on a set of parameters such as an arbitrary combination of attri-
butes, time restrictions, etc., also including ad-hoc queries (e.g. rehabilitation progress
of patients with a certain diagnosis in a given time period of time).

We propose to employ DV as a base data model instead of the DWH, since in our
case there is no data delivered from source systems by an appropriate ETL. All stored
information should be used for analytics with minimal possible structural additions.
The difficulty of this approach is dictated by the specificity of the DV model, for
which as far as we know, off-the-shelf applications of this kind haven’t been devel-
oped yet. Thus, another task would be to create an additional — analytical — layer over
DV data for reporting. Similarly to the subject-oriented DDL, it is necessary to
implement an effective language for defining analytical queries, which should be
translated to 2nd layer DML operating with DV objects. The susceptibility and
adaptability of the reporting tool to frequent changes of both DV objects and
inter-component relations must be a prerequisite. Either a DV structure or a traditional
relational model to answer both operational and analytical queries would be suitable
for constructing an analytical layer to store pre-aggregated data. The Starry Vault [23]
approach for finding a multidimensional structure in the DV is an advanced option for
this purpose.

The need to implement the subject-oriented DV DDL and analytical layer raises
the issue of technical implementation of the data model. From the perspective of the
language, it is hardly possible to find an alternative to SQL; nevertheless, the question
is what kind of database management system (DBMS) to employ. On one hand, the
developed database should function as a conventional OLTP system supplemented by
subject-oriented DDL. On the other hand, high efficiency is required both in carrying
out structural transformations and in performing analytical queries. For this purpose,
the following new kind of DBMSs are suitable: (i) DBMS that ensure effective tools
for working with columnstore indexes, or (ii) hybrid DBMSs [24] that provide
capabilities of Hybrid transaction/analytical processing (HTAP), and are equally
productive for OLTP and analytical tasks that include high efficiency in-memory
processing of complex analytical queries. The need for turning to the DBMSs of the
new breed is dictated by the fact that for both DDL operations and analytics at a low
level of data access high performance of indexes is required for an arbitrary combi-
nation of DV table objects. Namely, this is a typical feature of the above-mentioned
types of DBMS.
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5 Conclusions and Future Work

A prototype of the currently developed system consists of wearable device and mobile
software for health data acquisition. A mobile application was developed to make
calculations, analyse collected data from sensor nodes, store and visualize it. The
framework includes functionality for communication with a patient via notifications.

We plan to provide functionality for risk factor detection for patients undergoing
the post-operative rehabilitation procedure. The system should be able to detect
abnormal values in certain individuals/cohorts of patients to help physiotherapists
discover the potential problems and prevent the risk of gaining a repeated trauma in the
course of time. The existing prototype will be examined to study positioning of the
sensor nodes for more precise harvesting of vital signs. Adding supplementary sensors
such as gyroscopes and more advanced signal processing including improved data
filtering and sensor fusion algorithms can also affect system performance.

In this paper, we summarize that the overall requirements for the data model that
would ensure the flexibility and performance are the following — it should give max-
imum simplicity to the maintaining of: (i) changes in the structure of all entities,
(ii) changes of inter-component relations, and (iii) history of all changes made. DV
could be adapted to frequent changes in information requirements — new elements are
easy to add to the model without re-design of the existing structures and data load
routines.

Other subjects for future research are: (i) representation and usage of baseline
patterns for each exercise in the database, (ii) remote (unattended) control over reha-
bilitation exercise execution, and (iii) tracing the wearable device workability in
real-time. A baseline is a person-oriented pattern typically derived for a cohort of
patients and is based on patients’ attribute data. In a data storage, it is represented as a
pattern applied to the real-time streaming data coming from embedded devices with
IMU during the exercise execution. The purpose of baseline matching is to trace the
correctness of patient’s exercise execution in real-time and to provide notifications to
help a patient perform the exercise in accordance with the rehabilitation program.

Another direction of the study is detection of bad data coming from the wearable
devices. The key points of investigation are: (i) pre-configuration for tracing bad data
by deriving a pattern to be applied to the data flows coming from wearable devices;
(ii) bad data pattern recognition in real-time during concurrently performed exercise
sessions. We envision the process of bad data detection as stream analytics with
flexible reconfiguration.
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