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Executive Summary

This deliverable contains detailed information on sensors used for the acquisition of personal data as well as
appropriate data aggregator architecture and implementation. After previous analysis of observables and data
sources needed for monitoring of personal health data of patients having cardiorenal risks the most suitable
sensor candidates from the market were selected. Four groups of monitoring sensors i for weight and body
composition; for physical activity; blood glucose measurement; and cardiovascular state were tested and
evaluated with the aim to compare testing results and to recommend the most reliable, unobtrusive, accurate
and software-friendly ones for the use of patients in pilot sites. Since commercially available sensors do not
cover fully all monitoring requirements, results of investigation of possibilities to develop new sensors and
algorithms are presented as well. Among new developments is wristwatch for continuous monitoring of health
parameters, an innovative algorithm for arrhythmia detection and smart scales for intermittent monitoring of
body hydration and cardiovascular parameters. Architecture of aggregator for integration of all sensor data
into CARRE semantic repository using cloud services was developed and details of implementation presented.

About CARRE

CARRE is an EU FP7-ICT funded project with the goal to provide innovative means for the management
of comorbidities (multiple co-occurring medical conditions), especially in the case of chronic cardiac and renal
disease patients or persons with increased risk of such conditions.

Sources of medical and other knowledge will be semantically linked with sensor outputs to provide clinical
information personalised to the individual patient, so as to be able to track the progression and interactions of
comorbid conditions. Visual analytics will be employed so that patients and clinicians will be able to visualise,
understand and interact with this linked knowledge and also take advantage of personalised empowerment
services supported by a dedicated decision support system.

The ultimate goal is to provide the means for patients with comorbidities to take an active role in care
processes, including self-care and shared decision-making, and also to support medical professionals in
understanding and treating comorbidities via an integrative approach.
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Terms and Definitions

The following are definitions of terms, abbreviations and acronyms used in this document.

Term Definition

AAMI Association for the Advancement of Medical Instrumentation, is a nonprofit organization
founded in 1967. Mission - supporting the healthcare community in the development,
management, and use of safe and effective medical technology.

Accuracy According to ISO 5725-1, Accuracy consists of Trueness (proximity of measurement
results to the true value) and Precision (repeatability or reproducibility of the measurement)

AF Atrial Fibrillation

AHI Apnea-hypopnea index

API Application Programming Interface

BHS British Hypertension Society

BIA Bioelectrical Impedance Analysis

BIS Bioelectrical Impedance Spectrography

BIVA Bioelectrical Impedance Vector Analysis

BLE Bluetooth Low Energy

BP Blood Pressure

BPM Blood Pressure Monitor

Data source

Devices and sensors (e.g. weight scales, physical activity monitors), personal health
record, electronic medical record, personalized information on lifestyle (e.g. Facebook,
Twitter), sources of medical evidence and other medical authoritative information (e.g.
PubMed), on-line patient educational sources (e.g. MedlinePlus)

Diastolic BP Diastolic blood pressure i lower of the two numbers which shows the pressure in the
arteries when the heart muscle is resting between beats and refilling with blood.

ECG Electrocardiogram 1 graphical representation of electrical cardiac activity registered by
using biopotential electrodes.

ESH European Society of Hypertension

GET HTTP method

GPS Global Positioning System

HTTP Hypertext Transfer Protocol

IPG Impedance plethysmogram i graphical representation of mechanical cardiac activity
registered by sensing impedance changes.

JSON JavaScript Object Notation

LCD Liquid Crystal Display

MET Metabolic equivalent

NIBP Noninvasive blood pressure. Mostly measured by two methods: auscultatory (manual),
oscillometric (automatic)

Observable Physical variable that can be measured or otherwise ascertained (e.g. biomarkers,
biometric variables, biological signals and other non-biological factors e.g. environmental).

OGTT Oral Glucose Tolerance Test
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PAF Paroxysmal atrial fibrillation is an episode of uncoordinated movement of the cardiac atria
and irregular heart that occurs occasionally and then stops. Episodes can last from minutes
to days before stopping andmreturning to

PAT Pulse arrival time is associated with pulse wave velocity and is defined as the time interval
between the R-wave of the QRS complex in the electrocardiogram and the particular point
in the pulse pressure wave recorded at the distal artery.

PC Personal Computer

POST HTTP method

PPG Photoplethysmogram - graphical representation of mechanical cardiac activity registered
by using optical sensor.

PVC Premature Ventricular Contraction

RDF RDF (Resource Description Framework) is a standard model for data interchange on the
Web.

Systolic BP Systolic blood pressure T higher of the two numbers, which shows the pressure in the
arteries when the heart muscle contracts.

SPARQL An RDF query language. http://www.w3.0rg/2009/spargl/

SD Standard deviation of measurements.

TBW Total body water

URL Uniform Resource Locator, a.k.a. a web address
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List of Major Updates

This document is an update of Deliverable D.3.2. Sensors and Aggregators for Personal Sensor Data,
originally submitted on January 2015.

Major updates include the following:

1.
2.

The structure of the Chapter 3 was changed.

Section 3.1 was updated with more details about the updated ECG signal analyser GUI. The updates
concern with extension of functionality and stability of the software module. Also short description of
implementation (porting to JAVA) of the developed algorithm in CARRE Life style aggregator is
presented.

Section 3.2 was rewritten and updated with the information about the wrist worn device hardware
implementation, the algorithm details for PPG based atrial fibrillation detection, performance
evaluation of the algorithm and continuation of the development and exploitation.

Section 3.2 was also rewritten and updated with information about multiparametric weight scales
hardware and software implementation. Software includes firmware of the multiprocessor device and
per sonal computer applcalae¢es obafidMuAbhabpbrzaeameét wh
GDF data files registered with the instrument.

New Section 3.3.6 provides analysis of medical regulatory requirements related to the developed
devices. The related standards were identified and analysed.

New Section 3.3.7 presents a concept of modification to biomedical file standard. The proposed
modification concerns general data format (GDF) security and subject data privacy.

Annexes 2 and 3 were added.
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1. Introduction

This document is a report of the project Task 3is2 fASen
based on previous project deliverables:

T D.2.2 HAFunctional Requirements & CARRE I nformati ol
observables were analyzed and classified from the point of view of medical domain specifics and
CARRE information model;

T D.2.3 fAibData source identification and descriptiono,
all available appropriate sensors presented; and

T D.3.1 AAggregator Module Generic Designo, where the
including personal sensors is presented.

The aim of Task 3.2 is to determine an appropriate set of sensors, evaluate their accuracy, reliability,
robustness and security using testing results of available 3 party candidates as well as to capture the
semantics of monitoring data, i.e. to ensure semantic sensors data linking and aggregation into CARRE data
repository. Section 2 of this report present testing and evaluation of selected 3 party sensors and conclusions
regarding their characteristics and applicability. Section 3 investigates possibilities to develop new sensors
and algorithms needed to cover specific needs of monitoring which are not covered by commercially available
sensors and also for data aggregator architecture and cloud services as well as for implementation issues.
Finally, Section 4 presents the details of the development and implementation of the aggregators for the
selected sensors.

Annex 1 gives links for downloading the actual D.3.3 deliverable which is the sensor aggregator software
developed in T.3.2 (and described in detail in this report).

2. Testing and evaluation of the 3™ party sensors

2.1. Sensors for weight and body composition monitoring

2.1.1. Selected sensors for investigation

Based on previous investigation in Task 2.3, the following devices for weight and body composition monitoring
have been preselected for investigation:

- iHealth HS5 Wi-Fi! (entitled as iHealth)
- Medisana BS 440 Connect?(entitled as Medisana)
- Medisana Target Scale 22 (entitled as Targetscale)

As the list of observables has been updated and the total body water (TBW) parameter had been removed,
two additional scales were included in investigation:

- Withings Smart Body Analyzer4 (entitled as Withings)
- Fitbit Aria Scale5 (entitled as Fitbit)

1 http://www.ihealthlabs.com/wireless-scales/wireless-body-analysis-scale/ (Last accessed: 01/21/2015)

2 http://www.medisana.com/en/Health-control/Personal-scales/Body-analysis-scale-with-Bluetooth-BS-440-connect.html
(Last accessed: 01/21/2015)

3 http://www.vitadock.com/targetscale/targetscale-benefits.html (Last accessed: 01/21/2015)
4 http://www.withings.com/us/smart-body-analyzer.html (Last accessed: 01/24/2015)
5 http://www.fitbit.com/aria (Last accessed: 01/24/2015)
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2.1.2. Testing and evaluation methodology

The testing of the selected devices was accomplished by comparison to the reference device (see Figure 1).
Three main parameters: weight (kg), Total Body Water (%) and Fat (%) were used for comparison. Professional
Tanita TBF-300A Body Composition Analyzer (Tanita Corporation, Tokyo, Japan) was used for the reference
measurements. Bio-impedance analysis measurements of this device are declared by manufacture to be within
5% of DEXA (Dual-energy X-ray absorptiometry), the gold standard.

There were performed 2 tests for weight (kg), fat (%) and Total Body Water (%) measurement accuracy
estimation:

- Test No.1: 10 subjects (2 females), 30 measurements with each weight scale (Targetscale, Medisana,
iHealth)

- Test No.2: 14 subjects (2 females), 42 measurements with each weight scale (Withings, Fitbit).

Each subject stood on the scale three times on each scale in series. Weight and fat percentage was measured.
Personal information, such as the date of birth, height and sex was filled in to the user account at the beginning.
Account information was synchronized with the scale prior to the measurement.

The 3" test aimed to investigate linearity of body weight change detection by the devices. One subject
participated in the experiment. The subject weight was increased linearly in the range of 0 7 1 kg with small
additions (0.1 kg) of liquid to the small tank held by the subject. The test was repeated 3 times.

Bland i Altman diagrams® are used for visual presentation of testing results. The accuracy components (mean
of differences and standard deviation) are summarized in table for numerical comparisons.

4 -l.‘ t" 3
. : ,..[Iic-"\,_ :
a) b) c)

Figure 1. Body composition scales: Medisana (a, top), Withings (a, bottom), Tanita (b, top),
Targetscale (b, bottom), iHealth (c, top), Fitbit (c, bottom)

6 Altman DG, Bland JM (1983). "Measurement in medicine: the analysis of method comparison studies". The Statistician
32: 3071 317
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2.1.3. Results of testing and comparison

The results of weight scales testing are presented by Bland - Altman diagrams (Figure 2 i Figure 4) and

summary is presented in Table 1. In weight measurement, the lowest mean error is achieved by the Fitbit scale

with error kg Howeverpits SDaf drrdr is slightly higher than the Withings scale. The Withings

scale overestimates weight by 0.1 9 N 0 kg0T#e Medisana scale also shows good performance with error of

-0.07 N 0 . Kig.The least accurate weight scale is the Targetscale. It overestimates weight by 0.42N 0 . Kg5
iHealth weight scale demonstrated average accuracy (0. 2 1 N &g).2 8

Targetscale Medisana iHealth
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Figure 2. Testing results: weight

All tested body composition weight scales were able to estimate body fat percentage. The testing results in
terms of Bland 1 Altman diagrams are presented in Figure 3. Fitbit and iHealth scales showed the best
performance with errorof 0 . 8042 and 0. 75 N0 . 5 3 %hermean preocof Medisaria gcale is even
lower (0.28%) but SD is much higher (2.42%) than the previous two. The worst performance was demonstrated by
Targetscale (0 . 9 4 N 2. TH 6vétage performance was shown by Withings scale (1 . 7 2 N1.. 2 5 %)

Parameter fATot al body wa3oetf®d scalessTargetseake,Medisdna, iHgalttn Bachy
of these scales demonstrates average performance. Targetscale and Medisana scale have low mean error
(0.07% and 0.35% respectively) but high SD (1.97% and 2.19%, respectively). On the other hand, iHealth scale
has lower SD (0.90%) but very high mean error (-4.00%).
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Figure 3. Testing results: fat
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Figure 4. Testing results: Total Body Water (TBW)
Table 1. Comparison of weight scales
) Error in weight, kg Error in fat, % Error in TBW, %
Device
Mean SD Mean SD Mean SD
Targetscale 0.42 0.15 0.94 2.96 0.07 1.97
Medisana -0.07 0.17 0.28 2.42 0.35 2.19
iHealth 0.21 0.28 0.75 0.53 -4.00 0.90
Fitbit 0.00 0.12 0.84 0.62
Withings 0.19 0.08 1.72 1.25
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The results of the 3 test are presented in Figure 5. It can be observed that Medisana and Withings scales
were unable to detect small changes (0.1 kg) of weight in several instances. However, these errors are within
the manufacturers specifications. Therefore all these devices are suitable in weight change detection.

1,20
1,10
1,00
0,90

—x
0,80 /\-/
0,70 o
060 t/ Fltbl‘f
0,50 / Medisana
0,40 / Withings
0,30 / —>—iHealth
0,20 /
0,10 /
0,00
o,0 0,2 0,2 0,3 0,4 0,5 0,6 0,7 0,8 0,9 1,0

Delta weight, kg

Measured delta weight, kg

Figure 5. Body weight change detection

2.1.4. Conclusion

Accuracy of all devices for weight measurement is acceptable. Medisana scale (price 70 EUR) provides the
largest amount of observables (including Total Body Water), but its usability requires improvement. iHealth
scale (price 120 EUR) has the worst performance and inadequate mechanical design. Fitbit scale (price
130 EUR) is the most accurate, but it synchronizes only via Wi-Fi network. On the other hand, the accuracy of
the Withings scale (price 150 EUR) is slightly worse than Fitbit, but it also measures heart rate, which is another
important observable. Withings scale synchronizes via Wi-Fi network, or via Bluetooth, if Wi-Fi is not available.

In final conclusion:

- Fitbit scale is recommended if kidney related observables (such as weight) are more important than
heart related observables, and there is a Wi-Fi network availableatp at i ent 6 s h o me;

- Withings scale is recommended if heart related observables (such as heart rate) are more important
than kidney related observables, or there is no Wi-Finetworkav ai | abl e at the patien:

- Medisana scale is recommended if hydration related observables are important.

2.2. Sensors for physical activity monitoring

2.2.1. Selected sensors for investigation

Based on previous investigation in Task 2.3, the following devices have been preselected for investigation:
- Fitbit One’ (entitled as One)
- Fitbit Flex® (entitled as Flex)

7 http://www.fitbit.com/one (Last accessed: 01/09/2015)
8 http://www.fitbit.com/flex (Last accessed: 01/09/2015)
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- iHealth Wireless Activity and Sleep Tracker® (entitled as iHealth)
- Medisana VIFIT Connect!® (entitled as Vifit)
- Samsung Gear Live!! (entitled as Gear)
Also, the following smartphone apps have been selected:
- Samsung S Health? (entitled as Shealth)
- Moves?? (entitled as Moves)
- Endomondo Sports Tracker!* (entitled as Endo)

- Google My Tracks?® (entitled as Tracks)

2.2.2. Testing and evaluation methodology

The testing of the selected devices was accomplished by comparison to the reference methods. Three main
parameters: step count, distance traveled and energy consumption (calories burned) were used for
comparison. The following testing equipment was used for the reference measurements:

- Cosmed K4b21 portable system for indirect calorimetry measurement of energy consumption (in kcal)
with additionally placed GPS sensor for distance measurements (m);

- KTU BII Cardiologger v6 attached to the waist was used to acquire accelerometer signal. Later on,
interactive peak detection based step counting algorithm (implemented in Matlab, Mathworks Inc.) was
used for step count calculation.

One of the test subjects is presented in Figure 6 with all testing equipment on.

GPS

Cosmed K4b2

Wrist devices

Waist devices

Cardiologger v6

Figure 6. Mounting of testing equipment and sensors on the subject

9 http://www.ihealthlabs.com/fitness-devices/wireless-activity-and-sleep-tracker/ (Last accessed: 01/09/2015)

10 http://www.medisana.com/en/Sport/Activity-Tracker/ViFit-connect-Activity-Tracker-mag.html
(Last accessed: 01/09/2015)

11 http://www.samsung.com/global/microsite/gear/gearlive_design.html (Last accessed: 01/09/2015)
12 http://content.samsung.com/us/contents/aboutn/sHealthintro.do (Last accessed: 01/09/2015)

13 https://www.moves-app.com/ (Last accessed: 01/09/2015)

14 https://www.endomondo.com/ (Last accessed: 01/09/2015)

15 https://play.google.com/store/apps/details?id=com.google.android.maps.mytracks
(Last accessed: 01/09/2015)
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The overall testing comprised of two main parts:

- Controlled environment test i a short test at the beginning of each experiment comprising of two simple
walking and running exercises at the fixed distance and pace. The purpose of this test was to estimate
the average step length while walking and running, therefore only accelerometer device was used as a
reference. Some of the commercial devices required such step length data (see Table 2.) in order to
track distance more accurately. It was also useful to determine the behavior of the devices in relatively
short physical activity episodes. This test was accomplished in the hall of the KTU Santaka Valley
building, which is 80 m long (see Figure 7). After this test, all required data was calculated and
synchronized with the devices.

- Uncontrolled environment test i the main test where the participant was able to choose his own walking
pace and some parts of the route. All equipment, described earlier, was used. Data was recorded after
each part. This test was divided into 4 parts:

o 1000 m long casual walking exercise where the participant was able to choose his own walking pace.
The default route for the exercise was predefined (see Figure 7). It was designed to represent
common walking activities in daily life.

0 200 m long running exercise i short exercise of running 100 m forward and back without stopping,
at a slow pace (close to jogging). This was carried out in order to find out how well each device works
under running conditions.

0 200 m long slow walking exercise i walking 100 m forward and back without stopping, at a very slow
pace. This was carried out in order to find out how well each device works under non-standard
walking conditions.

o 5 floors stair climbing exercise was carried out mainly in order to find out how well energy estimation
works in each device. There can be no distance estimation comparison, because the GPS sensor
does not work inside the building.

Figure 7. Controlled environment testing site (left) and the uncontrolled environment testing track (right)
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Table 2. Personal data required before the test
Device Birth date Height Weight Step length Running step length
Flex V \Y \Y V V
One \Y \Y \Y VvV \
iHealth \% Vv \Y
Vifit V \ \%
Gear
Shealth \ \%
Moves
Tracks \
Endo \Y \Y \

The whole protocol can be described briefly:
1. Controlled environment 160 walking test (80 m forward and back with pause).
2. Controlled environment 160 running test (80 m forward and back with pause).
3. Uncontrolled environment 1000 m walking test (round track, no pause).
4. Uncontrolled environment 200 m running test (100 m forward and back, no pause).
5. Uncontrolled environment 200 m slow walking test (100 m forward and back, no pause).
6. Uncontrolled environment 5 floors climbing test (5 floors up and down, pause on the top).

Overall, 4 subjects participated in the experiments: 3 males and 1 female. The results were processed
calculating relative error for each measurement. In order to summarize the results, the mean value and the
standard deviation of the relative errors were calculated. However, due to the small number of participants, we
decided to additionally use the non-parametric Mann-Whitney U test? statistic method. It is the null hypothesis
test, where the null hypothesis is that datasets from a tested device and the reference are the same. The p
value shows probability of the null hypothesis.

The results were divided in two categories:
- simple walking activities (including 1st, 3rd and 5th exercises);
- less frequent activities (including 2nd, 4th and 6th exercises).
In order to rank the physical activity devices and mobile apps, the following criteria were used:
1. The mean error is the most significant.
2. The SD of error is less significant than the accuracy.
3. The p value from the non-parametric test is the least significant.
4

Overall, the first category (simple walking activities) is more important than the second one (less
frequent activities).

If the performance of the device (or the mobile app) is selected as the best in two or more criteria, the device
is considered superior.

16 Mann-Whitney U test. Online: http://en.wikipedia.org/wiki/Mann%E2%80%93Whitney U_test
(Last accessed: 01/09/2015)
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Results of testing and comparison

Summarized results from the physical activity sensors testing are presented in the tables bellow. Table 3 1
Table 5 fall into the first category (simple walking activities) and Table 6 i Table 8 fall into the second category
(less frequent activities). Bold values depict the best result in each line. These best results were chosen
individually for both i devices and apps.

Table 3. Results from controlled environment 160 m walking test.
Devices Apps
Flex One iHealth Vifit Gear Shealth Moves
Error in Mean 15,3% 1,0% 5,5% 48,5% 22,8% 2,6% 17,4%
steps SD 16,8% 0,6% 7,3% 34,1% 32,4% 2,1% 12,0%
p value 0,206 0,802 0,397 0,206 0,206 0,857 0,198
Table 4. Results from uncontrolled environment 1000 m walking test.
Devices Apps
Flex One iHealth Vifit Gear Shealth Moves | Tracks | Endo
Erorin | Mean | -127% | -0,8% | -57% | -16,0% | -2,0% -0,5% -0,4%
steps | sp | 11,2% | 1,1% | 4,8% 6,5% 3,9% 1,6% 9,1%
p value 0,056 0,579 0,222 0,032 0,548 0,310 0,548
Erorin | Mean | -17,3% | -5,8% | -481% | -20,1% 10,0% 1,5% | 0,5%
distance | gp 68% | 45% | 24% 4.2% 21,5% 3,2% | 0,8%
p value 0,008 0,016 0,008 0,008 0,841 0,333 | 0,516
Errorin | Mean | 27,4% | 24,2% | 36,2% -38,6% -8,3% 7,0% | -9,3%
energy | sp 41,9% | 17,2% | 17,7% 10,3% 14,3% 30,8% | 10,9%
p value 0,151 0,056 0,008 0,008 0,151 0,690 | 0,802
Table 5. Results from uncontrolled environment 200 m slow walking test.
Devices
Flex One iHealth Vifit Gear Shealth Moves
Mean -17,4% -7,4% -17,5% -24,0% -1,2% 1,1% -26,1%
Error in steps
SD 21,2% 6,5% 19,8% 15,8% 8,7% 10,5% 26,5%
p value 0,200 0,486 0,486 0,114 0,886 1,000 0,114
Mean -3,4% 13,6% -39,9% -9,4% 11,0%
Error in distance
SD 12,5% 16,4% 19,2% 15,3% 36,6%
p value 1,000 0,143 0,029 0,343 1,000
Mean 65,6% 55,6% 61,4% -34,7% -20,1%
Error in energy
SD 20,9% 26,2% 36,8% 14,7% 15,8%
p value 0,029 0,029 0,114 0,086 0,343

The Fitbit One is superior sensor among the physical devices in the simple walking activities category. It shows
the best performance for all observables in controlled environment walking test, as well as in the uncontrolled
environment test; it shows however a slightly lower performance (although not the worst) in slow walking test.
On the contrary, there is no clear winner on the mobile apps side. Endomondo sports tracker showed the best
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performance in long walking test, while Samsung S Health showed the best performance in short tests. Moves
showed the best performance in counting steps during the long walk experiment. On the other hand, Samsung
S Health is platform dependent (Samsung S4 and S5 only), while Moves does not output energy expenditure
and Endomondo Sport Tracker use only GPS (which is not suitable for indoor monitoring).

Table 6. Results from controlled environment 160 m running test.

Devices Apps
Flex One iHealth Vifit Gear Shealth Moves
Error in Mean -15,8% -14,6% -7,7% -16,9% -2,7% 0,4% -76,5%
steps SD 9,1% 5,9% 12,6% 19,2% 2,2% 10,0% 29,2%
p value 0,029 0,029 0,457 0,257 0,629 1,000 0,029
Table 7. Results from uncontrolled environment 200 m running test.
Devices Apps
Flex One iHealth Vifit Gear Shealth Moves
Mean -15,6% -11,2% -10,9% -16,3% -1,8% 18,7% -84,4%
Error in steps
SD 14,6% 7,0% 11,7% 17,2% 2,1% 37,5% 4,6%
p value 0,086 0,229 0,143 0,343 0,857 0,486 1,000
Mean -44,9% -26,9% -56,8% -45,8% 8,0%
Error in distance
SD 5,0% 26,3% 22,9% 16,9% 20,0%
p value 0,029 0,314 0,029 0,029 1,000
] Mean 59,4% 61,7% 66,2% -31,5% 58,0%
Error in energy
SD 4,8% 18,9% 21,7% 15,4% 15,7%
p value 0,029 0,029 0,029 0,057 0,029
Table 8. Results from uncontrolled environment stairs climbing test.
Devices Apps
Flex One iHealth Vifit Gear Shealth Moves
Mean -6,9% 0,7% -1,3% -19,4% 0,6% 6,2% -22,9%
Error in steps
SD 11,2% 5,1% 9,0% 11,2% 7,0% 9,0% 13,6%
p value 0,343 0,457 0,371 0,057 0,486 0,886 0,029
Mean 26,4% 27,2% 17,3% -51,5% -31,8%
Error in energy
SD 16,4% 20,3% 11,4% 3,2% 16,1%
p value 0,057 0,086 0,057 0,029 0,029

Results from the less frequent activities testing experiments are inconclusive. Each device is superior in
different test for the different observables. Such outcome should be expected as these devices probably are

designed to be used in simple walking activities, which occur most oft h e

ti me

i n

oneobs

apps side, the Samsung S Health seems to perform better than the Moves app, but the problems stated earlier

arise as well.

2.2.4. Conclusion

Fitbit One is clearly superior device for the physical activity monitoring in simple walking activities. While there
is no other such device in the other category, the Fitbit One is proposed as the most appropriate device. Its
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splash- and sweat-proof case, clear design, user-friendly mobile app and relatively low price only confirm this
proposal. On the other hand, high error rates of energy estimation and limitations due to less frequent activities
should be kept in mind.

We should also conclude that there is no superior app for the physical activity monitoring. While each app
shows some advantages under specific conditions, their disadvantages are more important. The most
important disadvantage is clear i mobile phone should be always carried by the person in order for the app to
work precisely.

2.3. Sensors for blood glucose measurement

2.3.1. Usability and functionality investigation

Two personal glucometer devices were acquired for investigation: iHealth BG57, Medisana Meditouch 218,
Since we did not have any possibility to test the accuracy of these devices, this chapter includes only the
usability and functionality investigation.

iHealth glucometer is wireless and synchronizes via iHealth Gluco-Smart!® app. However, this app is
unavailable in Europe at the moment. The device itself has on-board display which is very bright and not
comfortable. The iHealth glucometer is quite expensive (price about 70 EUR) and works only with original
iHealth strips.

The Medisana glucometer needs an USB connection and personal computer (PC) software in order to
synchronize the data from the device to the cloud. However, the device has a 480 memory slots that enable
to perform this synchronization only once in a while. Meditouch 2 has large and clear display, is relatively
cheap (about 22 EUR) and seems to work with any kind of test strips.

2.3.2. Conclusion

The fact that iHealth Gluco-Smart app seems to be unavailable in Europe rules out the possibility to choose
this device. Furthermore, the only disadvantage of Medisana Meditouch 2 against iHealth glucometer is the
wired connection and PC software, but the on-board memory softens this problem. In overall, we propose to
use Medisana Meditouch 2 glucometer for blood glucose monitoring.

2.4. Sensors for cardiovascular state monitoring

2.4.1. Selected sensors for investigation

Based on previous investigation in Task 2.3, the following devices for blood pressure monitoring have been
preselected for investigation:

- Medisana BU575 Connect? (entitled as Medisana)

- iHealth BP52! (entitled as iHealth)

17 http://www.ihealthlabs.com/glucometer (Last accessed: 01/21/2015)

18 http://www.medisana.com/en/Health-control/Blood-glucose-monitor/MediTouch-2-mg-dL-Blood-glucose-monitor-incl-
starter-set.html (Last accessed: 01/21/2015)

19 https://play.google.com/store/apps/details?id=jiuan.androidBg.start

20 http://vww.medisana.com/en/Health-control/Blood-pressure-monitor/Upper-arm-blood-pressure-monitor-with-
Bluetooth-BU-575-connect.html (Last accessed: 01/21/2015)

2L http://www.ihealthlabs.com/blood-pressure-monitors/wireless-blood-pressure-monitor/ (Last accessed: 01/21/2015)
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- Withings Blood Pressure Monitor?? (entitled as Withings)

Also,e Mot i on FZAECGsecotdh@dévice have been selected for the simple testing, since there is no
suitable investigation methodology and this device has no worthy competitors.

2.4.2. Testing and evaluation methodology

All providers of selected ambulatory blood pressure devices declare the same pressure measurement
accur acy R%2 whioh ddans suitable for ambulatory monitoring. However, resent debates raised
someconcernsabout the accuracy of new fismart o éusemantdrsfhones
Thus we decided to test the selected devices.

There are 3 recognized protocols specifically designed for validation of blood pressure devices: 1) the British
Hypertension Society (BHS) protocol?8, 2) the Association for the Advancement of Medical Instrumentation /
International Standards Organization (AAMI/ISO) protocol?®, 3) the International Protocol published by the
European Society of Hypertension (ESH)°. For example, AAMI standard says that the mean difference
between different blood pressure measurement methods must be less than K6 mmHg and the SD (standard
deviation) must be less than NB mmHg with 85% of the measurements in the 20-250 mmHg range. Accuracy
better than NLO mmHg must be achieved with 95% of the measurements. All three standards require to perform
validation of blood pressure measurement devices on human subjects against auscultatory method (standard
mercury sphygmomanometer) with 2 human observers. ESH protocol requires 33 subjects, other two
standards 7 85 subjects. Due to many restrictions on s u b j eaptlaidn composition: age, gender, arm
circumference etc. these device validation studies are complex, time consuming and expensive.

Less time consuming and cheaper BP monitoring device testing method is based on application of specialized
patient simulators (Figure 8 (a), (b)). Patient simulators are devices used for testing and calibration of clinical
patient monitors and they are able to simulate various vital signs: electrocardiogram, non-invasive blood
pressure, invasive blood pressure, oxygen saturation, patient respiration, patient temperature etc. Both patient
simulators (shown in Figure 8 (a), (b)) are able to simulate human blood pressure changes for both systolic
and diastolic measures induced oscillometric vibrations in the whole dynamic range 20 -240 mmHg. The
simulators are embedded in pneumatic circuit between BP monitor and cuff.

22 http://www.withings.com/us/blood-pressure-monitor.html (Last accessed: 01/21/2015)

23 http://www.megaemg.com/products/faros/ (Last accessed: 01/21/2015)
24

iHealth BP5 Technical Specs, http://www.ihealthlabs.com/blood-pressure-monitors/wireless-blood-pressure-monitor/
(Last accessed: 01/21/2015)

25 Medisana BU 575 connect, Manual,
http://www.medisana.com/out/pictures/media/manual/51296bu575connectwestvl
4webam?20140303.pdf (Last accessed: 01/21/2015)

26 Withings blood pressure monitor Tech specs, http://www.withings.com/us/blood-pressure-monitor-tech.html
(Last accessed: 01/21/2015)

27 Inaccuracy plagues mobile blood pressure devices
http://www.ehospitalistnews.com/index.php?id=2050&type=98&tx
ttnews|tt news]=286065&cHash=da03e20e36 (Last accessed: 01/21/2015)

% O6Brien E, P et r i eThelBritish Hypettdnston Sodiety, Promdol for the evaluation of blood pressure
measuring devices. J Hypertens. 1993;11 Suppl 2:543i S62.

29 Association for the Advancement of Medical Instrumentation. American National Standard: non-invasive
sphygmomanometers 1 part 2: clinical validation of automated measurement type; ANSI/AAMI/ISO. 2009;810601
81062.

% O06Brien E, At ki ns WarkingSGreaup oniBoad Pi@ssureeMonit@ihg. of the European Society of
Hypertension. European Society of Hypertension International Protocol Revision 2010 for the validation of blood
pressure measuring devices in adults. Blood Press Monit. 2010;15:231 38.
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Figure 8 AccuSim-BP Handheld NIBP Simulator (a), Fluke Prosim 8 (b), and measurement setup (c)

Patient simulators have advantages and disadvantages against living subjects based validation of BP

measuring devices. One important advantage of this method is possibility to perform comparison of different

BP monitors in equal conditions and to minimize influence of various physiological effects. It is known that

systolic and diastolic blood pressure values of a person are varying. These variations are due to different

origins including respiration which causes 31 6 mmHg variation in the SBP while in normal respiration and 1571

20 mmHg when breathing heavily3l. Because oscillometric measurement methods determine the
instantaneous SBP/DBP values, this results in a low reproducibility. In addition, the patient simulator method

minimizes comparison subjectivity. Aforementioned reasons motivated to employ specialized BP patient
simulator-BRAHawd8hm!|l d NIBP Simulatoro¢ (Datrend Systems
sel ected fismarto BP monitors. Two popular automatic (A
as well.

2.4.3. Results of testing and comparison

We tested 3 i s maand 2dtlassicalodevices. Accuracy and precision in terms of mean difference and SD of
tested blood pressure sensors are presented in Table 9. It can be observed that all devices fulfill accuracy
requirements of BPM validation protocols (mean difference <10 mmHg). The negative signs in front of mean
differences point out to underestimation of BP measurements.

Table 9. Testing results of smart blood pressure monitors with AccuSim-BP NIBP simulator
Error in Systolic BP, mmHg Diastolic BP, mmHg
Device
Mean SD Mean SD
Medisana -1.1 2.8 -0.1 1.2
iHealth -6.6 2.7 1.9 1.5
Withings -4.9 1.6
LogicoDigit 1.0 4.0 6.0 4.0
Microlife 4.0 1.9 5.0 25

Due to technical problems testing of diastolic BP in Withings BPM case was unsuccessful. Therefore we rely
on independent validation results32, which show that mean difference is 0.4 mmHg and SD is N4.2 mmHg in
diastolic BP measurements.

31 M. Ramsey, [ iBl ood pr edllsmetriced envoi ncietsodrdi.n gCl iAwu.t oMoantietd. 0GCso mp
56i 67, Jan. 1991.

32 Topouchian J, Agnoletti D, Blacher J, Youssef A, Chahine MN, Ibanez I, Assemani N, Asmar R. Validation of four
devices: Omron M6 Comfort, Omron HEM-7420, Withings BP-800, and Polygreen KP-7670 for home blood pressure
measurement according to the European Society of Hypertension International Protocol. Vasc Health Risk Manag.
2014 Jan 16;10:33-44.

FP7-ICT-61140 page 27 of 86



|y

. ’ CARRE D.3.2: Sensors and Aggregators for Personal Sensor Data: UPDATE

Figure 9 and Figure 10 show graphical representation of testing results for SBP and DBP values in terms of
XY diagrams (measured parameter against the reference) and Bland i Altman plots (the difference against
the average of measured and reference values).
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Figure 9 Testing results for SBP values: XY diagram (a), Bland - Altman diagram (b)
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Figure 10. Testing results for DBP values: XY diagram (a), Bland - Altman diagram (b)

2.4.4. Conclusion
Medisana blood pressure monitor (BPM) has a number of advantages:
- itis the most accurate;

- it measures blood pressure while inflating the cuff, therefore the discomfort is lower and the
measurement is shorter;

- has on board display;
- powered by rechargeable battery, which lasts for a few months;

- has memory of up to 180 measurements;
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- also works as an alarm clock, therefore promotes to keep it on a nightstand and measure daily blood
pressure in the morning, as the alarm goes off;

- itis relatively cheap (about 100 Euro).
However, there are two main disadvantages:
- it does not allow to enter data manually;

- the synchronization is slow (about 1 min. 30s, while the measurement itself only 30s) and does not
work 100% of the time.

We propose that problems with Medisana synchronization could be alleviated by using its internal memory. If
some problems occur, the synchronization phase could be skipped for that day and resumed manually the
next day.

On the other hand, Withings blood pressure monitor is operated more easily, the app and synchronization
works all the time. However, it has no rechargeable batteries, no memory, no display, the accuracy is lower
and the price is higher (130 EUR), than Medisana BPM.

iHealth BPM is similar to the Withings BPM in terms of functionality and control with the advantage of
measuring blood pressure while inflating the cuff (shorter and more comfortable measurement process).
However, it is the least accurate among tested devices.

Therefore, Medisana BU-575 is preferred BPM since it has the number of operating related advantages and
is the most accurate. If the ease of operation is especially important, Withings BPM could be chosen.

3.Investigation of possibilities to develop sensors and algorithms for
cardiorenal patient monitoring

The results from testing and evaluating the 3 party sensors showed that they are not well suited for the project
purposes: some of them lack of functionality, some of them are difficult to use, while the remaining are both of
limited functionality and difficult to use. Therefore, it is desirable to develop three custom hardware and
software modules. The first proposed hardware module is a wristwatch type device suitable for long-term
monitoring of physiological parameters (i.e., cardiovascular). The second proposed hardware module is a
weight scale system for intermittent monitoring of weight, hydration and cardiovascular parameters. The last
one is a software module with an algorithm for atrial fibrillation detection in ECG signals. The description of
these three modules are presented in more detail in the following chapters.

3.1. An algorithm and software module for ECG based arrhythmia detection

3.1.1. Motivation

Atrial fibrillation (AF) is cardiac arrhythmia, which affects 3% of the general population older than 20 years. AF
is a progressive disease associated with detrimental effects on hemodynamics, increased risk of stroke and
heart failure33. Various studies show that renal diseases and AF frequently coexist and complicate treatment
of both conditions34:35,

33 Kirchhof P, Benussi S, Kotecha D, et al. 2016 ESC Guidelines for the management of atrial fibrillation developed in
collaboration with EACTS. European Heart J, 2016.

34 Reinecke H, Brand E, Mesters R. Dilemmas in the management of atrial fibrillation in chronic kidney disease. J Am
Soc Nephrol. 20; 2009:705-711.

35 Piccini JP, Stevens SR, Chang Y., et al. Renal dysfunction as a predictor of stroke and systemic embolism in patients
with nonvalvular atrial fibrillation. Circulation, 127; 2013:224i 232.
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Kidney disease is usually found in 107 15% of patients with AF. AF coexistence with chronic kidney disease
was reported to be associated with a 67 % higher rate of progression to end-stage renal disease?. It has been
argued that renal dysfunction in AF patients further increases the risk of stroke and systemic embolism,
therefore should be worthy to be included into the scheme of stroke risk stratification. However, there is no
clear principle on the management of such patients, since oral anticoagulation therapy (i.e. using warfarin)
increases the risk of major bleeding of up to 10-times in this group®’. Gastrointestinal (58 %) and intracranial
(5 %) bleeding were documented as the most frequently occurring major bleeding events in patients with renal
dysfunction. Hence, treatment against the formation of blood clots in these patients is a complicated problem,
requiring careful assessment of the risk-benefit ratio.

I n todayds cl i ni c aapprgachaoccconfirm &F presenog (yesloi nb AR) is preferred which
usually relies on analysis of ECG recorded during rest or 24-hour Holter monitoring. While standard techniques
are suitable for reliable detection of permanent or persistent AF, nevertheless, they are associated with high
chances of missing paroxysmal AF episodes that usually appear at the beginning of arrhythmia development38.
In order to detect paroxysmal AF episodes, novel patient-friendly diagnostic utilities for long-term ambulatory
ECG monitoring have been proposed?®. Moreover, extended AF monitoring enables the possibility of changing
the prevailing concept of qualitative AF assessment to quantitative (the amount of AF) approach.

Standard time domain parameters applied for analysis of heart rate variability, i.e., standard deviation of RR
intervals or root mean square differences of successive intervals can be used for AF analysis as well. However,
more specific parameters, such as AF burden and AF density, are preferred for quantitative evaluation of
paroxysmal AF38. AF burden is expressed as a proportion of time a patient is in AF, and therefore does not
provide information about temporal AF behavior. The purpose of AF density is to evaluate temporal distribution
of paroxysmal AF episodes which can be useful for assessing AF recurrence patters, i.e., relating paroxysmal
AF episodes to arrhythmia provoking events. Temporal AF pattern of AF recurrence may be of interest for
drugs management and evaluation of thromboembolism risk. Furthermore, such information can be beneficial
for understanding the specific factors resulting in evolving AF burden and AF density for cardio-renal patients.

3.1.2. Commercial ECG recorder and the algorithm for arrhythmia detection

We propose a low cost solution for paroxysmal AF detection and parametrization (Figure 11). The solution
combines a commercial low cost single lead ECG recorder eMotion Faros 180 (Mega Electronics, Finland)
and a software module with the state-of-the-art algorithm for AF detection included“®. The algorithm was
extensively tested on publically available and internationally accepted ECG databases (Physionet MIT-BIH
Atrial Fibrillation, MIT-BIH Arrhythmia, Long-Term AF database, etc.) containing annotated AF episodes. The
results showed that the proposed low-complexity algorithm outperformed the most advanced AF detectors in
terms of AF detection performance (sensitivity of 97.1%, specificity of 98.3%) and complexity (only 8
multiplications, 2 divisions and 45 additions per RR interval). The ECG recorder is user friendly: weights 13 g,
battery lasts for 3 days. The ECG signal is recorded to open source EDF file format?!.

36 Bansal N, Fan D, Hsu CY, et al. Go. Incident atrial fibrillation and risk of end-stage renal disease in adults with chronic
kidney disease. Circulation. 2013, 127(5), 569-574.

87 Jun M, James MT, Manns BJ, et al. The association between kidney function and major bleeding in older adults with
atrial fibrillation starting warfarin treatment: population based observational study. BMJ. 2015, 350:h246.

38 Charitos El, Stierle U, Ziegler PD, et al. A comprehensive evaluation of rhythm monitoring strategies for the detection
of atrial fibrillation recurrence: insights from 647 continuously monitored patients and implications for monitoring after
therapeutic interventions. Circulation 126; 2012:806 i 814.

39 Turakhia MP, Hoang DD, Zimetbaum P, et al. Diagnostic utility of a novel leadless arrhythmia monitoring device. Am J
Cardiol 112; 2013:52071 524.

40 Petrenas A, Marozas V, Sornmo L. Low-complexity detection of atrial fibrillation in continuous long-term monitoring.
Comp Biol Med. 2015, 65, 184-191.
41 European Data Format specifications, http://www.edfplus.info/specs/edf.html
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Figure 11. Implementation concept of PAF arrhythmia detection and parametrization

3.1.3. MATLAB GUI for paroxysmal atrial fibrillation detection and parametrization

The signal processing algorithms and GUI for AF detection and parametrization was implemented in Matlab
(Mathworks Inc., Natick, USA) programming environment. With the presented GUI (Figure 12), the parameters
for both characterization of hearth rhythm and AF are provided. In addition to analysis of heart activity, the
user can analyze instantaneous physical activity, which is synchronously recorded with the ECG signal, and
thus can provide additional information on AF behavior during increased physical activity.

Figure 12. The main GUI window for paroxysmal AF arrhythmia detection and parametrization
The parameters that describe paroxysmal AF are as follows:

A the total number of paroxysmal AF episodes during recording time;
A AF burden;
A AF density.
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