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The main an of Work Package 4 activities is to builteehnology and intelligendafrastructure able to
provide decision suppotb preventthe decline inthe weltbeing ofolder people The five domains owell-
being identified in NESTORE physical, mental, cognitive, social, and nutritioNlth this aim a Decision
Support System (DBESdesignedo provide both reatime suggestions and lortgrm recommendations by
recognizingiserhabis based on data gatherday thesystemasdescribed in D3.1 and D3.2 documents.

The DSS bases d@slinerecommendations on alynamicmodelmainly constructed on the knowledge

extracted from sensed dataithin the NESTORE domains. Scope of this docuimémtollect the outcome of

Task 4.%, 6Algorithms for Shorterm postprocessing and extraction of indicatérg G KI G LINE @A RS &
data/information needed to construct the dynamic model used by the D&Sresulting frameworlescribed

in this documenincludes dynamic and online algorithms for data cleanidgta analysisnapping, manual and
semrautomatic categorition.

1.1 Motivation and rationale
After analysing Personas and complementing the information with domain expsrtescribed in document
D4.3.1 and to be further detailed in D4.3iRis proposed a twdold user profileused by the DSS to provide
recommendations
9 Static profile It is formed by the status and preferences of the user and it is characterized by
containing norvarying attribues. Concretely it includes demographic characteristics, attributes
regarding the context where the user lives, physical and physiological aspects and baseline data of the
various domains.
1 Dynamic profilelt is built dynamically while receiving data froensors softwareapplications and
contextual APIs. It is foreseen to receive daily indicators about the different domains and also
contextual information.

The satic profilinghasbeen already described in D4.21d itis the process of analysing a usestatic and
predictable characteristics. Usstatic profile featuresincludefactual data, such as the idiosyncrasy of their
residence (e.g. do they live in a rural or in an urban area?), or their diet routines (e.g. is meat part of their
diet?), as welds interindividual differences in the other NESTORE domains (marital status and perceptions of
loneliness, cognitive functiatity, physical fitness, etc.). They also describe the environmentidng context

of users.

Dynamic profiling is the proces$analysing data coming at rdime from the sensors and applications

deployed in the NESTORE user's ecosystem. It describes the changing context of the user, which is the element
that leads the personalisation proce3$ie information used to construttie dynamic profile of the user is

described in detail in this document. We call this kind of informaitidicator.

The dynamic profile also includes parts of knowledge provided by the outcomes of Taskg@rithms for
Recognition of trends and uskabit¢ ® ¢ NSy Ra | yR LI ( wéHighgdohajhsaid KS FASS
extracted from daily indicators gathered insk4.1. Thisanalysigprovidesa further level of understanding of

the global status of thend-user. For this reason, in this documemte will also refer to longerm indicators

and metricswhen needed.

Thedocument is structured a®llows. In Section 2, wiustrate the methodological approach used to identify

the indicatorgthat feedthe DSS, also providing a definition for eatthe relevantcategores Section 3
describesthe data processing framework. Section 4 represents the core contribution of this deliverable and
details all the chosen indicators and metrics for each domain. Finally, three appendices are attached, in which
implementations details and preliminary results are provided, together with the complete trst @idicators
andtheir main characteristics.
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1.2 Relation with other workpackages

From a general Work Package 4 perspectivePSSs desigredto provide both reatime suggestions and
longterm recommendations by recognizihgbits based on data gathered from the monitoring system
developed inthe Work Package 3The recommendations will be deliveradd integrated inthe form of

coaching @ns,and consumed by the virtual coach implementethia Work Packageb activities The DSS will
receiveas main input data from environmental sensors and wearables as well as mental and social status. To
perform a more effective profiling, contextudta isalso taken into account. For doing so, a technological
model based on outputs of WR2built and complemented by biomarkers and other indicators (i.e. social
interaction).

From the perspective of Task 4.1 apdrtially, Task 4.2 activities,atia caning from Work Package3 will be

mainly streams of data. One of the main objectigé$ask 4.1land consegently Task 4.4ds to extract
knowledgefrom these streams to both facilitate the subsequent decision making and adapt the general model
to infer vduable information. These datre continuously mined to extract thiadicators of the fivalomains
defined and structured in Atk Package2. To this end, informatiogoming from the sensing infrastructure,
provided by Work Packagei8postprocessed tdit the Work Package 2 modelghe processing tasks will run

on the Work Package 6 software infrastructure using the developed interface to access and seSdrdata.
inputsto and aitcomesfrom the activities ofTask 4.1 and Task 4.2 are directly retribaed giverbackto the
userthrough achatbot developed iWork Package,svhile the main output will be used to feed the DSS
developed in Task 4.3 and Task 4.4

WP3
Sensing
Infrastructure

Streams

W

Definition of WP5

models Chatbot

| Indicators

WP6 Interfaces

I I
Dynamic profile Feedback

WP4 (T4.3, T4.4) WP5
DSS Chatbot

Figurel Graphical representation of the relationships amon§4g T4.1 &
T4.2, the activities of other NESTORE work packages, and the activities of
other WP4 tasks

Figurel shows a graphical representation of the relationstdpsongWork Packaget ¢ Task 4.1 and 4,the
activities of othe NESTORE work packaged the activities of the other internal tasks of Work Package 4.
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The models provided by the domain ex{s resuling fromWork Package 2 activitiedém toinvestgate, defire
andstructuS G KS GF NBSG dza SN &hroogh Kerafife Ardihéid arkhéledge pravided OK A S &
by the partnersso as to obtairthe complete set of parameters neededdbaracterize the subject status and

behaviour in eaclvell-beingdomain together wittrelevantvariation. The specific parameters coming from

the analysis performed inaks 2.12.2, and 23 for each domain have beaggregated to provide a holistic

view of the personThis igo better tuneboth the systemresponseand therulesprovidedto the enduserin

terms ofvirtual coaclng.

By design, thikolisticview (document D2.1 and Annexasjvers all the possible variables that characterize the
target user, without considering availability of sensors, possib@btrusiveness of theesultingsystem, and

user experience. For this reason, the complete list of variables provided in the document D2.1 has been refined
in order to also match the requirements coming from thedasign activities in terms of unobtrusiness of

the NESTORE system and the sensor selection, in terms of availability of technologies, performed in the Work
Package 3 activities.

The resulting variables have been identified as useful by the experts to be continuously monitored during the
useof the NESTOREsssm. Wedenotethese variablesdicators

We have different indicators in each of the five NESTORE domains and they are computed in different ways
andalong different time framesWe define thenathematical functioror algorithmthat associates a

guantifiable numberto the indicator or a set of them asmetric(e.g., average over a predefined number of
AYRAOFI 02NDa AyaidlyoSa Ay | LISNA2ROO®

The NESTORE DSS is based on al#tyerestructure: i) a shottierm analysis that analyses data a daily

basis; ii) a longerm analysis that looks at trends and is able to detect change and adapts the coach in the long
term, following the changing needs of people as they age; iii) a combined ahdrongterm analysis to

provide a personalized imof activities for finally sending personalized plans tothieual Coach when

appropriate.

We also reflect this structure in the definition of indicators, with respect to tithe.chosen indicatercan be:

9 Shortterm indicators Knowledge extracteftom dailysensed data. This allows the system to detect
specifictime-limited activities (e.g., during physical or cognitive exercises), or the general status of the
user during his dalily life;

1 Longterm indicatorsLongterm behaviour is the sum of sheterm behaviour assessments of the
NESTORE system that captures the general trend over a prolonged period . This allows the system to

infer user habits, daily life activities and other preferences.

Some of thendicators, according to the required metrican be both shorand longterm indicators All the
details for each indicataare providedn the related following sections.

For ease of usehe completelist of chosen indicators for each domaiogether with their nature (shotiong-
term) andthe kind of datessourceusedto infer themare shown in Appendix.1
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In this £ction, we give insights on the general architecture of the data processing framework in charge of
extracting indicators for each domain. Each donteia a specific NESTORE module that runs on top of a
message queue, intercepting messages related to its field of action (sensed data sent through specific buses,
please refer to document D6.3.1 for additional technical details). Data processing modtlegercept

events coming from sensors and applications are deployed on the NESTOREf@ktnacture, developed in
Work Package 6 activities. Some data processing moduledgiverate data on board of the specific device

(e.g., wearable device, slegpality sensor, etc.) and then send indicators to the cloud in a Web of Things
(WoT) approach (more details in document D3.1.1 and D3.2.1) ready to be used hgrongata processing
modules.

Figure2 shows a deplpment diagram with the modules related to Task 4.1 and 4.2 activiggsightedin a
red box.

Cloud implementation

Specific NESTORE

Data Processing

loT Devices [} modules DB
Gateways «%‘ g
Smart Devi 2 3
mart LDevices [ (=3 Data Integration Platform
—_— | S P Events g
© (1) = ZivaCare
O ©
Web Data Sources = 9
Applications < L App’s specific
API's = processing for short Environment loT data

time analysis

Task 4.1 & 4.2 activities Sl e 2

Figure2 The data processing framework running on the NESTORE cloud
infrastructure

As we can see irigure2, we have different sours®f information. We differentiate all the possible source of
data in two main categorietiard andsoft data.

In the Work Package 3 realmewallenvironmentaR S @A OS I ye aSyaz2NJ RSLI 28SR Ay
wearablethe device worn by the user during his daily activiti® call the information coming from these
kind of physical devicdsard data

l'da Fdz2NIKSNJ 22dzNDOS 2F AYTF2N¥IGA2Y Fo02dzi GKS dza SNDA
fusing strategy data coming from web data sources, like applications and third partissafElldata coming

from a direct input of the user, as questionnaissiministered to the user through tidESTORE chatbaVe

call tis latter source of informatioadt data.

Once the indicators are extracted, they become available to be us#ySS in its data flow for

recommending coachig plans, based on the personatisdynamic profile of the usefigure3 shows how the
dynamic profie, built using the extracted indicators described in this documsntséd by the DSS to provide
recommendations. More details can be found in the preliminary document D4.3.1, while an in depth view will
be given irthe final version (D4.3.2) dbcumentD4.3.
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T4.1 and T4.2 Activities

i
F

=N -
2 Static profile

(status & preferences) Generate clusters of users | |
and select the best Daily data
activities for each group

Dynamic profile

—

Demographic

Age, gender, nationality,... Physical Activity

|
‘ Environmental/Context | Physiological
Area, connectivity, stairs,... | Nutritional
| Activities - w, M g % e + Context
Sport, hobbies, community... N m |
Physical, Social, Cognitive =H m 1 Gognigve
& nutritional status e/ | l Mood
/J Emotional well-being
— - . J

The system A subgroup of E) Recommendations
proposes a list of > activities is selected are suggested

pathways and user g depending on the 3 ;hrou%hout the day
v : epending on user’s
indicate their Ust T salocted group that the user F:j i ! dgt .
preference pathway’s coaching belongs to ally data an
activities context

Decision Support System

Figure3 Data flow for recommending coaching plati®e indicators
described in this document are used to build the dynamic profile

During the period of Task 4.1 and 4.2 activities, the actual development of softwardendds been

managed and tracked by means of a dedicated online spread sheet available at the following link:

https://docs.google.com/spredsheets/d/la Hwu2dKriXuXKen4h
XNi75wUfvYXQ8TWc U3JWsR8/edit?usp=sharing

Figured shows a screenshot of the management and tracking web,pagehich the domain, output of the
computation, a short description, the used input ades, and the shoflong-term nature of the indicators
are reported The spreadsheet was also intended to track the status of the actual development of the
processing algorithms with the indication of the domain and technical expert together with ttveel

schedule.
 Rigrbor- -SRI a Em
-~8 T s Fon e L 8 Is A B E-t-Fh-v-ooR@VY- I
- [ 14.162 Analytics TRACKER
Suddomain Anahytic Output Asalytic Description Used Variadles Short/Long Term Status Domain Expert  Techaical Expert Start date Due on

Figured The spread sheet used to track the actual development of the
software modules
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In this Sectionwe describe for each domdiine chosen indicators and how we extt them from the
hard/soft datasensedduring the NESTORE pilots.

4.1 Physiological Status and Physical Activity Behaviour

Theindicators presented in the following chapter derive from Bleysiological Status and Physical Activity
Behaviour section of thdeliverable D2.1These indicators have been selecteltbwing the indications
provided by the domain experts awdnsiderimg the actual activities that estore user will perfon during
the pilot.

In this context, welefine two types ofdza S N2 aing RHysicél &ctivitigs © bmonitored during the NESTORE
piloting: non-structuredand structuredactivities.Free living nosstructured activities represent any kind of
physical activity taken during the day (i.e., walking for transport, édwask, geneic daily living activities).
Conversely, structured activities are defined as planned, structured, repetitivigragmarposeful physical
activities suggested by th@aching system and aimed to ingve or maintain one or more components of the
physical finess of the user.

We call the indicators related to nan i NHzO G dZNBER &adzaSNJ RIF At & fAGAyYy3a AYRAO
&0 NHzZOGdzZNBR + OGAGAGASE | NBPleGse fiote ik alltadidtiesddt suggasteGily S NO A &
the Nestore oach are dealt as nestructured activities. In order to manage a structured activity, the wearable

device receive as input from the coach the type of activity, the activity target intensity, and the activity target
duration (defined in the following). the activity type is different from the ones expected (e.g. gym training),

the coach informs the wearable device that the user is going to perfayemaric cardio activity

4.1.1 User daily living indicators
This sectiomescribesin details thendicatorsfor nortstructured activitiechosen following the indications
provided by the domain experts

4.1.1.1 User general indicators
These indicators represent the overall physiological status of the user. They are computed at baseljner (MHR
on shortterm (RHR and longterm (MSI). base.

1 MaximalHeartRate(MHR): theoretical Maximal Heart Rate of the NESTORE user. It can be estimated
knowing some user characteristics (e.g. the sisiglmula: Maximal Hea Rate [bpm] = @8 ¢ (0.7 X
User Agg It should be computed in the cloud and provided to the wearable.

1 RestingHeartRate(RHR it represents the User Heart Rate in resting condition. It should be
monitored as sooms the usewakes up.

1 MediumStepLength(MSLD): it isthe medium sep length of the user reported both for walking and for
running activities.

4.1.1.2 Anthropometric characteristics

Considering the subdomains and related variables described in Deliverable D2.1 and the indicators chosen as
described in Section 3, the Fat Mass JFhtal Body \ater (TBW, Muscle Mass (MSBone MasBM) and

Body Mass IndefBM)) are directly evaluated and collected through the Smart Scale provided by Withings
company. The scale usthe Bieelectrical Impedancerfalysis (BIAmethod. It sends a tiny current allowing us

to measuredza SilN@Edance which can then be used to calculate an estich@\. This methodpresents a
highsensitivityaboutthe userhydration levelThe indictors percentage could vary widely from day to day

based on how much watehe userdrank.

TBW can be used to estimatef&tNS S 02 R& Yl &4 | yRX 06& RAFTFSNBYOS gAl
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The indicators are evaluated every time the user interactis thie smart scale. From a shderm point of
view, the indicators are expressed as single values. From aéomgpoint of view, time series can be
evaluated as an ensdte of the shortterm indicators.

Nofurther data processing taskrequired in orer to extract the indicators above listed. It is worth to notice
the results reported ifl]. Author shovga comparison between the gold standard (SphygmoCor}tand
Withings smart scale®s partial resultsthe author obseves an overestination of the body compositions.
However, the study helimitationssuch as the obseation of only five subjects.l8ervationduringNESTORE
pilot will take into account these findings with a focus on the reliability of the indicatordlgim@luated from
the smart scale.

4.1.1.3 Sleep quality indicators

People experience changes both in mental and physical aspect, especially as they age. One of these changes is
related to the characteristics of their sleep habits: changes in pattern, sleefiaiyrand quality2]. An

accurate sleep monitoring is fundamental in order to detect early signs of sleep deprivation and insomnia,
evaluating their sleeping habits, and consequentially implementing mechanisms and systpresdating

and overcoming these problenfi3]. As a conclusion, better quality of life in elderly people may be achieved by
increasing sleep qualify].

In literature, sleep quality has been assed using different techniques, including subjective anersptirted
measures (e.g., the Pittsburgh Sleep Quality Index, the Consensus Sleep Diary, theRichpldl Sleep
Questionnaire, the Karolinska Sleep Diary) and objective measures (e.gonpobgraphy and actigraphy)
Recording several human sleep nights, considering an extended period, in a home setting with no restrictions,
presumably better reflects habitual sleep than a highly controlled laboratory study conducted over a few
consecutivenights. This suggest that more efforts should be spent to find reliable sleep monitoring system able
to detect objective sleep quality characteristics strong correlated with findings of invasive clinical methods,
selfreport diaries, and actigrapHyased gstems. It is worth noting that, especially in elderly &mdbient

Assisted LivinfAALD scenariosselfreport diary approaches may be difficult to be used.

In this contextfechnological advances have allowed the development ofinwasivejonglife, battery

powered, wearable devices equipped withdsiial accelerometers (i.e., actigraphy) able to monitor and collect
data generated by movements. Wearable devices for actigraphy, and in particulawewsactigraphy

devices, measuring €p parameters have been validated through the comparison pottsomnography
(PSG[5]. [6] recommendsthe usage of actigrapHyased system concurrently witbonsensus Sleep Diary
(CsDhmethodologies, in order to identifhe period during which users are attempting to sleep. This
combination of CSD and actigraphy is currently accepted as an alternative to the PSG meth@Hology

In NESTORA&I these suggestiorare consideredogether. Basically, the idea is to perform the evaluation of:

sleep stages identification (polysomnography represents the gold standard), perceived sleep quality (sleep
diaries represents the gold standard), and variablde to characterize the sleep session (polysomnography
represents the gold standard, but the actigraphy as previously described is considered a starfdatd ithe

home settings environments). At this purpotiie NESTORE system adopts the Ballistocaafibyg (BCG)
technologyi 2 AYFSNI F62dzi GKS dzaSNRQ af SBCEisdnethd Mitie> o0 SK
measurement of the mechanical forces originating from the bddese systems are, in general, based on
accderometers In a stationay state, primary mechanical forces acting on the body originate from the heart

and circulation of blood. Beating of the heart is a cyclic event that is detectable. BCG enables accurate and non
invasive measurement of the cardiac and respiratory everdssiationary sta, i.e. during sleep or rest

Unobtrusive BCG techniques for automatic sleep stage classication have provided good resultsuiawsnti

home sleep monitoringB]. The detected cardiac and respiratory eventg giformation about the sleep

guality. Heart Rate VariabilityHRY is animportant parameter in BCG sleep analysis to mligtish between

sleep stagef9]. It is worth noting that lhe diferences between individualaust be taken into accounin fact,

the typical HRV levehn vary between individual40]. For example, aging armbdy weight have anfiect on

the BCG measuremefitl].
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Inthe NESTORE systgtine hallistocardiographys applied using the sensor SCA11H provided by Murata
company.The BCG algorithm reports multiple parameters at 1 Hz frequency. The output parameters in BCG
mode are timestamp, heart rate, respiratory rate, relative cardiac strokenve, heart rate variability, signal
strength, bed occupancy status and béateat intervalsMurata sensor requires a calibration with empty

and occupied bed in order to detects the characteristic noise level of the bed and the enviroQuoeuapied

bed calibration was done for each test subject individually.

As shown imablel, the chosenshortterm indicators areperceived calm slegawakenings, time in bed,
sleepstagescalmsleep, totalksleeptime, sleeponset,sleep mset latencysleepoffset, wake after sleep onset
andsleepqualityindex.It is worth noting that some indicators are useful from a loegn perspectives. In
particular, perceived calm sleep, time in bed, sleep stages, total sleep time, and slegpiogek can
guarantee a psteriori trend analysis, identifyg significative differences in terms of sleep behaviour.

Tablel Sleep quality indicators and evaluation methods

Variable Name SHORT LONG Evaluation
TERM TERM

PerceivedCalm yes yes PCS indicates the autssessed sleep quality as it is perceived by
Sleep (PGS the subject The PCS value ranges from 1 to 5 and it is gathered
through the mobile application provided by the NESTORE syste

Time in Bed (TE yes yes ¢. GFENRFIOotS O2yaGlrAy GKS aidl N
session. The algorithm for TB evaluation is based on a filtering
process of the raw data and a mobile windows able to identify
values different from zero. Assume a datatieie dependent
YO fromo  pltf8 RY Then, the algorithm evaluate the first
epoch (e.g90 0O )whenB Y®UQ T, considered with a
fixed siza) B 11 QM Qo mand! equal to a costant
in order to avoid error due to nois&¥ Y @ UQ. On the
contrary, the same procedure is applied in order to evaluate the
epoch where the time series anagd epochby-epoch is close to

zero™)
Awakenings yes no AWis a structure that contas: number of awakenings, the start
(AW) time, end time and duration of each awakening event. This struc

isevaluated in the morning analys) the raw data gathered from

the BCG along the previous night. The algorithm for awakenings
based on a filteringrocess of the raw data coming from the sens
by the noise and applying a mobile windows in order to evaluate
and to count epoch when the raw data are close to zero (ref TB)

Sleep stages yes yes Sleep stages is a sttuce containing the start time and the end
awake, REM time of each sleep stage and the percentage of this stage referre
light and deep TB. The algorithm for sleep stages identification starts from the
sleep observation that the beato-beat times and the relative stroke

value includea significant amount of noise. Consequently, the
algorithm filter the raw data using a first order exponential filter o
theformwo p Qzwo p & woO nwhere® 6 and
WO p arethe output values at time stegando p
respectivelyt O is the input value andxhe filter coefficient.
Furthermore, to get true sympatetic and parasympatic reactions
will be recessay to compensate the ratio betweeHigh/Low
Frequency Beat2@at time variation'0"0"0O Wi "O"Q &xtracted
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from filtered heart rate variabilitjfO'Y @nd heart ratéO"Walues,
with respiration depth calculated from Stroke Volumariability
O w
By filtering with a 15 minute time constant and normalizing the
initial value to 1, it is possible get tH@'Y wA similar procedure is
applied in order to evaluate similar trends'®fYand respiration
rate variability RRV.
Finally, applying dynamic time warping analysis it is possible to
detect the different sleep stages.
TST is the time between sleep session start and sleep session €
minus the time classified as awake (i.e. time occurred during
nocturnal awakenings)
YYYY Y @O "YU
SE is commonly defined as the ratio of total sleep time (TST) to
in bed (TB).
YO "Y'Y'Y"YO
Sleep Onset is the time at which thebject falls asleep for the first
time. Through the previously described sleep stages identificattor
is possible to read the first epoch time when the subject falls aslt
(ref. TB)
Sleep Offset is the time athich the subject awakes and does not
manage to fall asleep agaiftrough the previously described sleg|
stages identificationt is possible to read the last epoch time whel
the subject perforrsthe last awakening event. (ref. TB)
SOL represents the time that it takes to accomplish the transitior
from full wakefulness to sleemormally to the light sleep.
YO O YE €Y
Wake after sleep o is the total durationminutes) of wake time
after San and it is calculated as the amount of time elapsed
between sleep start and sleep end scored as wake.

w0 "YU 0 wQ

SQl express the objieS dzA SNB Q & f S $hgihdj dzi f
variables previously described in terms of comparison with the
GY2NXIEé adlaArAadtdaAoa FT2NJ adzm e
ranges from 1 to 5. In order to take into account, with different
weights, all the vaables, will be implemented a fuzzy logic
algorithm. Fuzzy logic includes 0 and 1 as extreme cases of trutl
NESTORE the truth is equal to 5, as a condition of the best slee
guality) and includes various stage in between (from 2 to 4). A
classic fuzzybic control system requires three stages: fuzzy inpt
(fuzzification), fuzzy logic processing, fuzzy output (defuzzificatic
During the fuzzification stage, in order to performiaput data
associationit will be defned a membership function (as Bagpe).
Secondly, the controller performs a rule evaluation and a fuzzy
outcome calculation. Basically, the fuzzy logic uses a reasoning,
inferencing, process composed|Bf. THENules, each providing a
response or outcome. A rule is activated, orggged, if an input
condition satisfies the IF part of the rule statement
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Finally, once a rule is triggered, meaning that the input data belo
G2 | YSYO0SNAKALI ¥ dzy Olestageryientiithiel
rule will generate an output outcome. Thiigzzy output is
composed of one membership functions (with label), which have
grades associated with it.

4.1.1.4 NonstructuredActivity monitoring

A nonstructured activity is represented by any kind of physical activity taken during the day, such as walking
for transport, housevorking, and performing any daily living activity.

Table2 shows arexample of theoutput from thewearabledevicefor the daily living activity monitoring

Table2 The output from thevearable device for daily activity monitoring

time non-structured activity steps |distance| stairs | energy consumption
day stat | stop  [timezone|no/low activity] walking | running [# [m] [# [cal]
12/11/2018| 08:00:00 09:00:00 2 00:40:00 00:20:00  00:00:00 420 400 20 30
12/11/2018| 09:00:00 10:00:00 2 00:20:00 00:30:00  00:10:00 | 1325 1000 0 50
12/11/2018| 10:00:00 11:00:00 2 00:20:00 00:30:00  00:10:00 | 1325 1000 0 50
12/11/2018| 11:00:00 12:00:00 2 00:20:00 00:30:00  00:10:00 | 1325 1000 0 50

Here a detailed description of each field:

1 Nonstructured activitythe wearable shall monitor the user daily living activity recognizing 3 different
levels of activity, namelgyo or low activitywalkingadivity, andrunningactivity. Every hour, the
wearable shall report the duration in minutes of these 3 different activity states.

9 Steps and distanceser steps and distance monitored during daily activity are measured by the
wearable through the use of ambedded accelerometer sensor and knowing the user medium step
length. Every hour the wearable shall report the total steps and distance covered by the user.

9 Stairs During daily living, the wearable shall monitor the number of stairs climbed up by ¢helTtss
task will be performed usgboth accelerometer and barometer signals and tesulting stairs
counting will be reported every hour.

1 EnergyconsumptionCaloric energy burned by the user during the daily living. It is estimated by the
wearable deice using the heart rate information and knowing the type of activity performed by the
user.

4.1.1.5 Sedentariness monitoring
Table3 presensan example of theutput from wearabledevicefor the daily living sedentaress monitoring

Table3 Output from the wearable device for the sedentariness monitoring

sedentariness time
day period start stop | timezone
12/11/2018 period #1 08:56:00 09:58:00 2
12/11/2018 period #2 10:40:15 11:50:32 2
12/11/2018 period #3 11:55:15 12:15:15 2
12/11/2018 period #4 14:40:15 14:50:15 2

Here a detailed description of each field:
1 Sedentariness behavioun elderlyit is defined as any walking speed lower than 2.3 Km/h for men
and lower tha 2 Km/h for womerj12] [13].
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1 Sedentarinesperiod It is a period of time longer thatD minutes in which the user is inactioe

walking lower than the aforenmgioned velocitie§14]. The wearable shall monitor these periods
reporting the start and the stop time of each sedentary phase.

Exit criteriathe system starts to record once the user achieves the aforementioned walking speeds.
Sedentary warninghe user receive a warning form the system after 1 hour of sedentariness
behaviour, then every 15 minutes.

=a =

4.1.2 paching exercise indicators

This section explains the variables used by the wearable to prescribe the structured physical activities. A
structured physical actityj consists in a planned, structured, repetitive, and purposeful physical activity aimed

G2 AYLINRBOGS 2N YIAYyGFrAYy 2yS 2N Y2NB O2YLRySyda 27F i

4.1.2.1 Exercise type
It is the exercise proposed by the coach to the Nestore user. It caividedlinto two different groups:

1 Coaching activitieghey are the exercises chosen by the virtual coach in order to improve the
NESTORE user aerobic fithessa€hing activities that can be monitoreg the wearable devicare
walkingandrunning

1 Coacling evaluation testghey are the exercises that permit to evaluate the actual state of the
NESTORE user and estimtgehanges during the piloto@ching evaluation testsan be summarized
in two main areasclinical aerobic fithess (i.e6,Minute Waking Testandclinical anaerobic fitness
(i.e.,30 Seconds Chair Rise J.eBtese evaluation tests are mainly monitored by the wearable device.

Theexercisdypeischosen by the coach andstcommunicated to the wearable and to the other devices
invaved in the exercise measurement in order to properly start the monitoring.

4.1.2.2 Exercise intensitarget (Target Heart Rate RangadHR
This indicator refers to the Coaching Activities graupepresents the target heart rate range that thesus
shall maintain during the execution afcoachingctivity. It is expressed in percentage with respect to the
uselQ MaximalHeartRate

1 Lightintensity. 50-65%Maximal Heart Rate;

1 Moderateintensity: 66-79%Maximal Heart Rate;

1 Vigorousntensity: 8-95%Maximal Heart Rate.

Theexercisantensityis chosen by the coach andstcommunicated to the wearable and to other devices
involved in the exercise measurement in order to properly start thaitodng.

4.1.2.3 Exercise target duration

This indicator referto the coachingactivitiesgroup. It suggests to the monitoring devices the target duration
of awalkingor runningactivity sessiorBy design the user manually stops the acquisition. The target duration
indicator, representing the goal suggested by thach, is used to implement a power saving logic in the case
of the user forgets to manually stop the acquisition

4.1.2.4 Exercise duration
It represents the effective duration of the performed exerciBlee wearable sersto the cloud the start and
the end timeof the exercise. e durationis computed inthe cloud

4.1.2.5 Exercise frequency

It is referred to the frequency of execution of a particular exercise performed by the user in altweek.
represents the number of executions of a specific structured activiyweek It is computed by a specific
software module irthe Nestorecloud(more details in document D6.4)
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4.1.2.6 Exercisedart rate

User heart rate during exercise is measured by the wearable device. All the heart rate indicators provided by
the wearable areomputed using ghotoplethysmographyPPG&sensor This sensor uses optical emitters to
emanate light on the wrist skin and a photodetector to measure the scattered light. The redamattered

light is linked tawrist blood flow changes angkermits to estimate the user heart rate.

In order to limitthe data amount sent from the wearable device to the cloud, the wearable shall not send the
global heart rate timeserigcollected during the exercise session, but a report summary of the heart ra
activity:

1 Timein the differentheartrate zonegexercise intensity ranges): this indicator refers to¢baching
activitiesgroup. It is the time passed in the differeztercisentensityrange during the activity
execution (e.g., light intensity:rlinutes; moderate intensity: 6 minutes; vigorous intensity: 1 minute;
severe intensity: 1 minute).
Peak heart rateit is the maximal heart rate collected during the exercise execution.
Post exercise Heart Rate Recovery (HRiRexpresens the difference between the user heart rate
measured immediately after the exercise stopping and the user heart rate measured 2 minutes later.

= =

4.1.2.7 CardioResp score
This indicator refers to theoachingactivitiesgroup.It is a score assigned to the usertioe executed coaching
activity. It shall be computed on the cloud considering the seleexedcisantensitytarget and thetime in the
differentheartrate zonesndicators provided by the wearable. The score is equal to:
1 For light intensity exercise:doint for every 10 minutes of activity, with a minimum exercise duration
of 10 minutes;
9 For moderate intensity exercise: 2 points for every 10 minutes of activity,a minimum exercise
duration of 5 minutes;
9 For vigorous intensity exercise: 4 points éwery 10 minutes of activity, with a minimum exercise
duration of 2.5 minutes

The final score is computed considering the tipassed in each heart rate zoard its associated score rate.
The score points are assigned to the user if the sum of thesisgeduration at intensitgreateror equalto the
intensity target exceeds the minimum exercise duration of the target intensity.

4.1.2.8 Trainingadherence

'aSNRa | RKSNBYyOS G2 (GKS O2FOKAyYy3 LIy o6Af herai® | 4aS
between the score obtained in a single session and the score planned in the schedule for that session,

multiplied by 100

For example:

Exercise type: running;
Exercise intensity target: moderate;
Exercise duration: 20 minutes;

Time in the diffeent heart rate zones recorded by the wearable during activity:
Light intensity: 2 minutes;
Moderate intensity: 13 minutes;
Vigorous intensity: 1 minute;

CardioResp score = 0.1*2+0.2*13+0.4*1 = 3.2
Adherence score = [(0.1*2+0.2*13+0.4*1) / 0.2 * 20000%= (3.2 / 4) * 100 = 80%

’
- ¢KAa LINRP2SO0 KlFa NBOSAQOSR Tu20RieyeArchT NE Y (KS 1§dzNR LIS |

and innovation programme under grant agreement No 769643



D4.1 1/24/2019 5:42 PM 24/01/2019

4.1.2.9 Steps and Distance

User steps during exercises are measured by the wearable through the use of an embedded accelerometer
sensor. Noted the user medium step length, the distance covered by the user during the exercise can be
estimated by wearable using the stepganmation.

In order to limit the data amount sent from the wearable device to the cloud, the wearable shall not send the
stepsand distance timeseries, but just the total steps and total distance covered by the usgrenific
exerciseEspecially for the 6MWT exercise, the distals@®mputed in a more accurate way using also the GPS
of the user smartphone. It should permit to enhance the measured accuracy and to have a more detailed
information about the walking patand the test execution modality.

4.1.2.10 PseudeSix Minutes Walking Test (Pse6d&WT)

The Six Minutes Walking test (6MW3 a standardex test used to defia the residual functional capiyg of a
patient and it is usually recommended as diagiostol. In order to have a value and be comparable, the
6MWT must be performed in a controlled context: the test should be done always in the same way, in order to
obtain comparable resultgarried out indoors with a wetlefined path (without slope, oflat corridors of

about 30 meters) and with a turn aboetery 30 meters. This kind @<t needs to be performed in a

controlled environment, under the supervision of clinical staff. For this reddestore implements a pseudo
6MWT. The pseud6MWT is &MWT auteadministered outdoor but with the supervision of the smartphone.
The smartphone suggests to the user the timing and the instruction on how complete the palgivtid. The

user wallsfor six minutes while the wearable record steps and distance. ddtase data, measured from the
wearable, are then compared with other more accurate data recorded by the smartphone (GPS, altimeter,
etc.). The pseudo 6MWT compare all the data and validate the test only if the path and, eventually, the slope
followed duing the test are in a predefined range. Being all the test performed validating them with the same
range of values, these can be compared intrasubjectively.

4.1.2.11 Hevation gain or Total ascent

This indicator refers to theoachingactivitiesgroup. It isthe sum of every gain in elevatiaeached by the user
throughout an entiravalking or running activity. It is computed using the barometer sensor embedded in the
wearable device. The barometer, indeed, permits to measure th@sgpimeric pressure and its charggare

related to altitude variations.

4.1.2.12 Number of squat repetitions

This indicator refers to thBOSCRT exercise. It indicates the number of squat performed by the user during the
test execution. It is estimated by the wearable using both accelerometebarmneter sensors. This indicator
could be refined on the cloud apjihg more complex algorithman the same dat#éo understand if thetest

has been well executed by the user

4.1.2.13 Energy consumption
Caloric energy burned by the user during a specific exeltiseestimated by the wearable device using the
heart rate information and knowing the type of activity performed by the user.

4.1.2.14 Rate of perceived exertion

TheRate of Perceived ExertioRREis a quantitative measure of perceived intengltyring physical exercise.
Perceived exertion is how hard you feel like your body is working. It is based on the physical sensations a
person experiences during physical activity, including increased heart rate, increased respiration or breathing
rate,incSI &SR 4¢SS GAy3Z yR YdzaOfS Tl GA3IdSd ! f §K2dAaAK
may provide a fairly good estimate of the actual heart rate during physical activity. Perceived exertion will be
assessed using Borg Scal206 User wilteport his RPE in the chatbot app immediately following exercise

cessation.
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The omputationis performedon the cloudusing the questions/answers provided i chatbot (soft data)

4.1.2.15 Fatigue accumulation

Fatigue is defined as a sense of persistent garizedness. It is becoming increasingly recognized as a specific
geriatric entity since both prevalence and incidence appear to increase with advancing age, and for the
majority, fatigue per se exists independently of any specific diagnostic condiasispecific measures of
tiredness have been examined in clarification of the theoretical assumption that fatigue may be instrumental in
the disablement process. In particular, s&ported tiredness while performing daily activities has been
examinedand among nosdisabled elderly people, it has been found to be a determinant of subsequent
utilization of health and social services, walking limitations, onset of disability, and a reduction in baitia 10
15-year survival. Fatigue accumulation willdsked to the user 12 hours following exercise cessation in the
chatbot using Total Quality of Recovery scale.

The omputationis performedon the cloudusing thequestions/answers provided liie chatbot(soft data)

4.2 Nutrition

¢ KS NXB O2 3y habits & the rtfitiondmldINoBe®df the key elememNESTORE and one of the

mainparts of the personalization process. In fact, we can talk about Personalized Nutrition in the sense that we
provide adhoc recommendations and activities basedonbdgB SNBE Q Ay Gl 1S 2F ydzi NR Sy
choices.

The main sources of information in the case of nutrition are a) users contributing with information about
behavioural aspects and preferences through the different interfaces of the NESTORBNR&cANd b) the
LogMeal API; an intelligent nutrition monitoring system developed in the framework of WP3 which aims to
recognize food from images taken by a smartphone.

In contrast to other coaching tools available in the magkke Lose itt or MyFinessPdl), which demand users

to fill in long questionnaires about nutrition, NESTORE relies on an application based on automatic food
recognition. This software seeks to recognize different foods/beverages/ingredients and interprets its

nutritional compgition by translating the picture of a food into a list and quantity of ingredients. Afterwards,

the DSS extract the nutrients by using a food composition database. The resulting dataset is constructed on the
basis of official European food compositionalzdses. Moreover, the recipe ingredients database is elaborated
through the consultation of various sources of information (mainly recipe books) in order to avoid a skewed
approach in its design.

As a result, the exploitation of the dataset containing tecords of all foods and beverages consumed during a
period of time provides the average nutritional and energy iatakthe subject. In parallel, Dietary Reference

Values (DRMor each nutrient, meaning the recommended intakes that arécseteet individual needs, have

0SSy SaidloftAaKSR FT2NJ bSaili2NB dz&ASNE® 5w+a | NB dza SR
nutrient intakes. Energy intake needs are set taking into account the individual energy expenditure, measured
bySyaz2zNE 2N SljdzZ 6A2yas |yR LKSy2G@LIS o60S®ad y2NN¥24S.
devices.

1 https://iwww.loseit.com
2 https:/Aww.myfitnesspal.com/
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Finally, the assessment of the nutritional status of Nestore users is intended to be translated in clear,
comprehensible and simple dietary recommetidns made on common foods or food groups intake (not on
nutrients) and adapted according to their dietary preferences. Such recommendations are performed by two

types of messages: in a first place, the useenees an imediate feedback (e.g. regardihg/her nutritional

status or the meal inserted) and in a second place, the system transmits messages with recommendations
focused on the longerm dietary habits modification. In order to assess and monitor the adequacy to this
recommendationsa shortfollow-uplj dzZS&a G A2y yF ANB ¢gAff 0S FRYAYAAaGaSNBR
LINELI2ASR L Iya FyR FRSljdzr S FdzZNIKSNI NBEO2YYSYRIGAZ2Y

4.2.1 Nutritional indicators

Due to the fact that the recognition of nutrients and energy intake lehdgpersonalization process in this
domain(seedocument 2.1), we definenutritional indicatoras nutrent-status, energy intakand other
dietary parameters with potential health relevance for the targsers.

The process of extracting nutritional hdd I G2 N&B (2 LISNAR2Y I ft AT S dzaSNEQ NBO2
following stages:
1. NESTORE Coach receives a new photo of a meal.
2. The photo is sent to the DSS together with some metadata (user identification and type af meal
breakfast, lunch, snack or dinne).
3. The DSS interacts with the LogMeal ABé (@cument [3.3), which analyses the photo and sends
back meal information about the recognized food.
4. The DSS process the information gathered from the LogMeal APl and sends to the user via the Coach a
list of possible dishes.
5. The user confirms the dish either by:
a. selecting one of the dishes proposed by the system
or
b. writing the name of the dish with the help of an autocomplete input element
or
c. choosing food groups contained in the dish
6. The DSS receives thame of the confirmed dish and gathers the receipt from the LogMeal API.
7. The DSS calculates the nutritional indicators.
8. The DSS saves data in a MongoDB instance for further analysis.

Besides, some algorithmsrr off-line to fuse and analys#l the gahered data. When the system finds any
interesting situation iteacts taking the necessary d&on.

In this deliverable, we focus on the extraction of indicators, while the recommendation process and algorithms
will be described in further deliverable$ WP4(documentsD4.2, D4.3.2, and D4.4s listed in dcument

D2.1, various nutritional indicators are advised to be extracted by NESTORE sy3ianhednve list them

explaining how they are evaluated aifithey apply to tke shortterm and/or the longterm.

Table4 Nutritional indicators and evaluation methods

Variable Name Shortterm  Longterm  Evaluation

Food Intake yes yes Photos of the dishes are provided by the user and sent to the
system throudy the sacalled NESTORE Nutrition API. A datase
containing the name of the dish, the type of meal (breakfast,
lunch, dinner or snack) and the timestamp is constructed.
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Nutrient Intake yes yes

Number of yes yes
meals

Intake of yes no
supplements
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After the user confirms the name of the dish, the recipe is
extracted from the NESTORE database of recipes and afterwe
the following nutrients are calculated throughHaod composition
databasewater, protein, carbohydrates, simple sugars, fat,
cholesterol, fiber, Vitamin D, Vitamin B12, Vitamin C, Vitamin #
Vitamin B6, Vitamin E, Folic Acid, Sodium, Iron, Zinc, Seleniun
Magnesium and Alcohol.

The grams of each nugmt are accumulated to come up with a
daily nutrient intake summary.

The number of meals per day is calculated chedkiaglifferent
types of meals included by the user each day.

In the case that the user selects a pathway related to nutrition,
number of entered meals is one of the main elements to contrc
the user engagement.

The intakeof supplements is asked to the user through the
chatbot during the first weeks. Afterwards, it is used in the
platform to evaluate the recommendations of nutrients.

Refused Food yes no The term refused foods issociated with allergies, intoleraes,
diets and foods that are not consumed by the user due to pers
preferences. The list of refused foods is gathered from the use
directly by means of a cwersation thread executed through the
chatbot (WP5).

Basal yes no The BMR is the energy consumed by the user in order to main
Metabolic Rate basic metabolic functions. It is calculated usingtdaeris and
(BMR Benedicequation:
1 MEN:
66.473 + (13.752 x body weight (kg)) + (5,003 x height {cm))
(6.755 x age (years))
1T WOMEN:
665.1 + (%63 x body weight (kg)) + (1.85 x height (an{}).676 x
age (years))
Therefore, the system needs to collect from the user the gende
date of birth, weight and height to perform the calculations.

Activity Energy yes yes The activity energy ependiture is the energy expent in physical

Expenditure activities not related to the gintenance of vital body functions.
(AER Therefore, the way to obtain this energy expenditure is equival
to the one explained in physical activity section.

Energyintake yes yes The energy intake is the energy contained in foods consumed

(E) the user. It is derived from the food intake indicator. The
calculation of this indicator is detailed in the following chapter ¢
this document.

Total Energy yes yes The total energy expenditure is calculated as the sum of the BI
Exmenditure and the AEE and it is all the energy that a user expends during
(TEE hours. It is used to recommend the amount of energy needed 1

consume.

A detailed exarple of how we extract these indicators, with a focusF@mod Intakeand Nutrient Intake
together with the communication paradigm and implementation details is presentAgpendix 2. Nutritional

indicators- Example of indicators extractippommunication sequencesnd technical details
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4.3 (ognitive and Mental Status and Social Behaviour

In the cognitive domain two characteristics of individuals are considered: (1) imdividual differences in the
cognitive performancstatusof individuals that are assessed once before (at baseline) and once after (at
posttest) the coaching intervention. Some of the cognitive status variables will be assessed within the system
FYR INB FSR Ayid2 GKS 5{{ 2 iofsXo digh@naarhiSg dantain (.& e 4 & a
n-back task and the numerical memory updating task). Others will be assessed in the pilots during the baseline
GAAAG G LI NI A OA-pdhciltésts @ udé theyilfaimatiai thryha evalllatloiSdiith

effectiveness of the intervention, but not as part of the DSS. Part of thisiirdsidual status information

beyond objective test scores is the assessment ofreptirted memory failures (i.e., the CFQ questionnaire).
These status variables can lmnsidered longerm indicators as they are used to eventually determine change

(or stability) in functioning in this domain. They do, however, contribute to the DSS for the initial
recommendation about coaching domains. (2) Two types of cognitive perfeefarctuations are assessed in

daily life. Both of these reflect the same cognitive domain, working memory. One type of task will be assessed
repeatedly (as part of the coaching messaged assessment timflow: 3 times per week rather than daily to
easeparticipant and user burden) in the entire user group to track their cognitive functioning in everyday life
(i.e., the digit span backwards task). The other type of indicator is related to the cognitive coaching (i.e.,
structured training) intervention ahthus is only assessed for those individuals who select the cognitive

domain and therein a given cognitive pathway (i.e., the numerical memory updating task). There are three
cognitive pathways in NESTORE: (a) A structured working memory training taskp#réormed as part of the
L) 2y dzZaSNRAQ AYINILK2ySas FT2N 6KAOK | OOdzNY Oe Aa i
updating training), (b) part of the serious game suite developed as part of the NESTORE system for which
reaction time ad accuracy need to be tracked as outcomes and targets broader thinking skills, and (c)
unstructured novel and challenging activities people chose to engage in that need to be tracked in terms of
whether and how frequently the activity has been performeaot.

4.3.1 Qognitive functioning at baseline

Participants perform several tasks at baseline during the pilots which measure different cognitive domains

(e.g., working memory, perceptual speed, general cognitive abilityseggfted cognitive failures). Twaf

these will be assessed as part of the NESTORE App at baseline and post assessment and be fed into the DSS to
determine coaching domain recommendation, théBiick task (Working Memory 1; WNNB) and the

numerical updating task (working memy 2; WM2NU). Further, the data of these tasks will be used for-sub

study 1 of the pilot study to determine the effeativess of the coaching interventions in terms of cognitive

benefits. Table5 shows an overviewf the chosen indicators and the evaluation methods.

Tableb Cognitive functioning at baselimedicators and evaluation methods

Variable SHORT LONGTERM  Evaluation

Name TERM

WMINB no yes In the WMZXNB individuals are asked toemorize a string of
numbers and decide for each numeric stimulus presented
whether it is identical to the number presented one or two
positions backwards. Reaction time and proportion correct (f
+ correct rejections) are the main outcomes to be recorded
proportion correct will be used as criteria for coaching domai
recommendation. The WMNB task will be provided by the
NESTORE system.

WM2-NU Yes (part  Yes In the WM2NU task individuals need to perform numerical
of the updating operations (+ ang across 2 cells and memorize the
training; final result in each cell after a series of such operations.
see below) Proportion correct is the main outcome. This task will be

’
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provided by the NESTORE mobile system as part of the Apg.
smartphones or talets and is the main part of the structured
cognitive training.

Memory Yegsee Yes (long In the MF individuals will provide ratings on the items of the
Failures below) version Cognitive Failures Questionnaire (CH@t assess the
MP Questionnaire) experience of memory failures across various domains (men

for names, locations, things, actions etc.). The MF items will
provided by the NESTORE system (chatbot or App) and the
will indicate the level of failure on a 1 tcsbale. The mean
across item responses needs to be computed and will be us:
for the DSS.

4.3.2 Cognitive performance in dalily life

Cognitive status for all users will be tracked through the daily evaluation of a working memory task that will be
implemented orthe smartphonefablet (i.e., digit span task). This will provide us with information on the
objective cognitive performance within the us@seryday context. It is well knowthat cognitive

performance flutuates on different time scales, from trial tgal, from test block to test block, and from day

to day[15]. Since assessing cognitive performance multiple times a day in order to obtain information on the
test block to test blok varialility shouldbe too much of a burda for NESTRE users and therefore not

feasble, we will assess cognitive performance 3 times per week, in order to obtain information on the daily
variability and fluatations in cognitze performance.

In addition to objective cognitive performance, wél\&lso assess subjective cognitive performance (i.e.,
everyday performance such Bemory Rilures; MF) on the daily level. Often, subjective and objective

cognitive performance are not highly correlated and therefore the subjective assessment may provid
additional information on the overall cognitive status of the NESTORE user. To do so, we will use single items
form, the Cognitiva-ailure Questionnaire (CIQ6], an instrument that assesses memory, perceptual and

motor faiures in peoples everyday life.

4.3.3 Cognitive training performance

The coaching intervention in the cognitive domain consists of thagleways: Thdirst cognitive coaching

pathwayis a traditionakognitive training tasknumericalmemory updating (a measve of working memory),

that requires users to perform several numerical operations in a row and remember the results for sets of 2 to

4 numbers. This task will be adaptive, i.e., difficulty level (set siz&pwilhuouslyincrease from 2 to 4

dependingon the performance accuracy of each person. For this task, we need to track proportion correct

across blocks per day. The DSS needs track whether participants have engaged in the game as scheduled if this
is the pathway they selected, so that the DSS campt users with the appropriate behaviochange

messages of encouragement, reminders and prompts.

Thesecond cognitive coaching pathwayd F 2 NJ LJ- NI Aséribuslyayhdhat is dedignéditdf | & ¢ |
challenge and thus train multiple cognitive domaimgarallel. This game is being developed by TU Delft on the
basis of a previously developed and evaluated serious training game §1YJZ8pecifications have been

provided to TUD in terms of the4ge-tracked and recordeduicome variableand the adaptive adjustment of

the difficulty level across training sessions depending on the current performance of théhasereed to be
integrated into the DSS to provide feedback to participaiis mainly important for particgnts to obtain

that performance feedback somewhere. The DSS needs track whether participants have engaged in the game
as scheduled if this is the pathway they selected, so that the DSS can prompt users with the appropriate
behaviarr change messages of enzagement, reminders and prompts.

’
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Thethird cognitive coacimg pathwayis for participants to begin mew and complex activityFor this part, it

needs to be tracked through followp questions whether participants have engaged in the activity that they

will have to schedule in their NESTORE agenda and to briefly reflect on how they enjoyed the activity or what
they have learned from it that particular visit and to prompt users with the appropriate belrasti@mnge

messages of encouragement, reminders anampts.

Table6 shows an overview of the chosen indicators with the correspapeialuation methods.

Table6 Cognitive training performandedicators and evaluation methods

Variable SHORT LONG-TERM Evaluation
Name TERM

WM3-DSB yes no In the WM3DSB individuals are asked to recall a series ¢
digits in the reverse order. The participant will be present
with multiple trials of varying length (e.g., 2 to 8 digits). Tt
evaluate performaneon the WM3DSB, the mean accusac
(number of correct digits on the correct location) across &
trials will have to be computed by the system. The DSB \
be provided by the NESTORE mobile system.

MF  yes Yes ¢ee CFQ In the MFquestimnaire (i.e., subjective cognitive

Questionnaire) assessmentjndividuals will answet0 items(different
from CFQ, specifically designed to measuemoryfailures
in daily life) regarding possible memory failures on that
given dayThe MF items will be provided by thN=ESTORE
system and the users will indicatge occurrence or not of
anyfailure on & (no) vs. 1 (yescale Responses will be
summed across items to obtain the daily MF score.

WMI1INU Yes Yes (see above) In the WMENU task indiduals need to perform numerical
(training updating operations (+ angl across four cells and
group memorize the final result in each cell after a series of suc
only) operations. Proportion correct is the main outcome. This

task will be provided by the NESTORE mobile systgarais
of the App on smartphones or tablets.

COGG yes no Serious game to train multiple cognitive domains
simultaneously. Tracking needs to occur in terms of whe:
individuals engaged in the training session, the level of
difficulty, and he accuracy.

Cognitive yes no Tracking needs to occur in terms of whether the activity |
activities (as been engaged in at each scheduled occasion and how u
part of enjoyed it.
coaching)

4.3.4 Mental states in daily life: Motivation/Health behavior change (HAPAvariables and

emotion
In order to examine the motivational state of NESTORE users along the user journey, we will assess several
variables that are part of the theoretical model underlying the intervention design, the HealtmA&tctioess
Approach (HAPA) moddlhese variables cover the folliing constructs: motivational sedffficacy, risk
awareness, positive outcome expectancy (all assessed at the beginning and towards end offisgkwo
assessment period, intention, recovesgifefficacy, action planning, coping planning, and action control (all
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FaaSaasSR 2y0S (GKS O2F OKAy3 LI GKgl & KI aurfor®elyandda St SO
the intervention begins). For the DSS, the relevant variables are intdotimation and the planning variables,

as well as action control and recovery s#ficacy. These are all assesses single items and no comgtion is

required by the system.

In the mental domain, we mainly assess emotional experiences that are ajsotdoldaily fluctuations and

an important indicator of welbeing on a shorterm basisTo assess daily fluations inselfreported

emotions, we will use daily and short versions of thgestionnairesMDBH18] to assess ichensional

emotional experiences, and of the DEIY]to assess discrete emotional experiences in daily life. These
questions can be prompted via smartphone or the chatbot. It would be mandatory that they are administered
on adaily basis, hoever. Further, emotional experience (i.e., dimensional and discrete emotions and overall
sentiment valence) will also be detected from the text analy@ol implemented in the chbbt of NESTORE to
gain a complementary insight into the etimnal status (beyond seteport) of theNESTORE users

In addition to emotional experiences, we will also assess acute stressors in daily life. This will be done either
using the Daily Inventory of Stressful Experiences J[QG&stionnaie (comprising 6 items with yes/no and

severity of stressor experiengi0] or a single item asking for the presence and severity of any daily stressor

on a given day. Together, the wellbeing and daily stress items provideagi@rfermation on the dayo-day

mental status of NESTORE users so that the system can detect if things are generally going well or rather not.

Table7 shows an overview of the chosen indicators with the correspapeMaluationmethods.

Table7 Mental states in daily lifexdicators and evaluation methods

Variable SHORT LONG Evaluation
Name TERM TERM

HAPA yes no (1) Single items each of: motivational sefficacy, risk awareness,
positive outcome expectagdqall assessed at the beginning ar
towards end of first tweweek assessment period,

(2) Single items each of: intention, recovery saficacy, action
planning, coping planning, and action control (all assessed c
the coaching pathway has been selectid; intention to
OKIl y3S 2 yusfordedcaSdkhe @itdnzntion begins).

As these are single items, no computatisnecessaryTheDSS needs
to react by sending appropriatéehaviar Change dchnique(BCY
messages depending on the values on sexddrtilese HAPA variables.

MDBF yes yes In the MDBF the individuals will answer single items of the scale anc

S0 on a scale ranging frorf61 Depending on how many items will be
used, a mean score across the items needs to be computed.

Text analysis via chatbot: Chatbot will provide texts of users in terms
reflections of their day from whici will be then extraced the
dimensional emotional state informatigiEMOTIVE Wellbeing
Engine”).

DEQ yes yes In the DEQ the indiduals will answer single items of the scale and dc
on a scale ranging from7l. Depending on how many variables will be
used, a mean score across the items needs to be computed.

Acute yes no Two items: Stressor occurrence and stressor seudXidb computation
Stress required.
(-
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In addition: dzi 2 YI GAT SR RSGSOGA2Y F2N
Being Engine, part &/ork Packageb activitieg. This automated analys
will producea set of scores as output of the analysishe emotional
states andsentiment and stress that are relevant at shagrm.
Sentiment yes no Automatised detection fom text toolsd & 9 a h ¢ L-Bethg Engink, t

Valence part of Work Packageb activitieg. This automated analysis will produc
a set of scores as output of the analysfishe emotional states
andsentiment and stress that are relevant at shtatm.

4.3.5 Social behaviour and experiences in daily life

Saocial behaviour will also be tracked via-ggforted questionnaires and objective information assessed via

the sensing tols for the entire user group and with respect to the coaching activities for the intervention

group that selects the social domain. Regarding thersplfrted information, we will ask individuals for two

different kinds of information: 1) type of sociateraction and 2) loneliness on a given day. The type of social
AYGSNI OlGA2y oAttt 0S aaSaaSR o6& FalAy3d GKSY a5AR @&
indicate the number of social interactions and indicate the respective role of thedandinthey had contact

with to indicate the social rolé.e., the partner, children, friends). To assess loneliness, we will use 2 single

items from the De Jong Gierveld scale to cover daily social and emadtinakhesq21].

Human interactions are governed by the explicit willingness of establishing meaningful social relationships.
Recognizing social interactions between humans is a complex and extremely diviesifi€@iceto-face
interactions detection often dependm the phenomena under observation: in certain cases only short events
with a very small distance between the individuals are relevant, in others, only prolonged proximity that would
give individuals a chance to have meaningful conversations are pertihéertbetween two individuals is

defined as a combination of the amount of time, the emotional intensity and the reciprocal intimacy tha
characterizes the tie itse]2]. More clearly, each tie is a link between humans, idtrength depends on
several &ctors[23], such as the frequency of their interactions, the intimacy level, and the affinity of the
subjects involvedSeveral ways to anay human behaviar exist, for example through a dict or indirect
observation of their actiongOne of main issues of a direct observation is the observer itself since may
influence the natural behavig of individualsMoreover, selfreported questionnaires are useful to understand
social activities butequest an active participation of the individuals and may not be the optimal solution, in
case of fragile and older peopfBurveys offer a coarse view of reality, as people might forget to répéjt

The passive an@utomaic detection of social interactions is an emerging research field, which helps revealing
complex dynamics of the society with high resolutiosually, two main constraints have to be faced when
trying to capture such interactions automatically: the neecatollect accurate and reliable data and the need

to have large deployments to get a clearer picture of human behaviour.

In literature, human interactionsas been assessed using different techniques, including subjective and self
reported questionnairs, and technologies, suclhiearabledevices equipped withedicated hardwarg25],

[26]. Many solutions have been proposed using several diffeemitnologiesfor instanceRadioFrequency
IDentification(RFID[27], Zigbee radi¢28], infrared sensorf29] andenvironmentalsensorg30]. In NESTORE,
our attention is directedowards Bluetooth Low Energy (Blt&chnology. e potential of BLE tdetectpeople
proximity has been tested in some works by evaluatith accuracyand power consumptiorusing aéhoc
wearable devicef31], smartphores[32] and tagd33]. Solutions ardased on the analysis of theétived
YgnalSrength Indicator (RSHémitted by BLE beacdransmittersand received by the user persomtgvice

The solution adopted in NESTORE relies on a multifunctional wearable device, as a BLE beacon receiver and
emitter, and on BLE Tags as BLE beacon emitters. Both devices have been developed and produced by FLEX
andaredescribed irD3.1 and>3.2documents Users will be equipped with the wearable device which will
collect BLE beacons during the daily hokesch pilot site will be endow with ten BLE tags, subdivided in two
categories: five tags will be installed inside houses in different rooms, such asdiimgkitchen or bedroom,

to inferthe user movements antthe location of the occurred meetings; five tags will be assigned to relatives
and friends A novelalgorithmhas been designed to detect social interactions by am8LE beacon3he
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goal ofalgorithmis to accurately estimate the start and the end time of all the interactions between all the
possible glads in a group of people (ieach pair of devices in proximitfihe algorithrprocesses the raw

data collected from all the devicdg,terms of RSSI valuemd it reports a time series édundinteractions.As
shown inTable8, the chosen shorterm and longterm indicators are: social interactions detection, total
number of interactions, interactions duration aimderaction locations. The last three indicators are estimated
starting from meetings detection and are useful for a lé&gn and aposteriori trend analysis, iderfying
significative differences in terms sbcial behavior along time

Table8 shows an overview of the chosen indicators with the correspapeialuation methods.

Table8 Social behaviour and experiences in daily life indicators and
evaluation methods

Variable SHORT LONG Evduation
Name TERM TERM

S| yes no The individuals will be asked by the end of the day:
1) a5AR &2dz KI@S O2yidl Ol «k |
i2RIF&KE

2) If no (END of questionnaire), if y&s
3) How many instances of social interactions did you #ave
enter numbe
4) Please indicate for each instance, with whom you had
contact with (users may select form a list of social roles)
Results from 2), 3) and 4) should be stored®& y Qi Yy SSR
further analyed.

Loneliness yes yes Two single items that assess theliag of social and emotional
loneliness will be used that are adapted from the letegsion of the
loneliness questionnaire frofi21]. The average of the ratings acros
these items needs to be computed.

Social yes no Once a day, typically in the night, the meetings detection algorithr

interactions will be run to estimate the user social activity of the previous dag.

detection calculation will be done on the cloud and will provide a list of all th
(SID occured interactionsThe analysis is based on RSSI values

elaboration during a sliding tim&indow. Assuming a dataset forma
as follows: €pochtime, datetime, id receiver, id sender >stie
algorithm will evaluate the followingpening conditioruring the
sliding timewindow of duratiomyy:

9 toreceive at least p% of the expected beacons;

1 the RSSI of the received beacons is greater or equal the

i KNBaK2§{R Ot dzS

Once the meeting is detected, it holds until ttlesing conditiotis
detected: the timenterval between the last received beacon with
W{ { kA d 3INBI G§SNdod KI'y 2NJ Sl dzt
At the end of the analysis, the algorithm will report a time series o
the found interactions between the user;{iith otherindividuals
(I, kX . T hedutput of the algorithm will be a vector composed |
the start and the end timef the interactions occurred with each
individual:
Ui:[(ll,[tstart,tend]), (IZ,[tstart,tend6 0 zm,[tggalz-tend]ﬂ L
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Total number yes yes Gventhe interactions detected (SID), the total number of
of interactions interactions (TNI) will providen estimate number of occurred
(TN) meetings by the user during a observation time lapdee frequency

of the analysis can be configured for a skerm (hourly,daily) o
longterm (weekly,monthly).

YO O i QAYQ

where d is the selected time scale.

Interactions yes yes Given the interactions detected (SID), the interactions duration (IC
duration will provide an estimate itine duration of occurred meetings by the
(IDD user during a observation time lapse. The frequency of the analys
can be configured for a shegérm (hourly,daily) or longerm
(weekly,monthly).
‘000 Q61 HoE ¢

where d is the sekted time scal@ndduration istime interval (kns
tstar) OF all interactions.

Interaction yes yes Given the interactions detected (SID) and the list of BLE tags
locations distributed in the indoor environment, the algorithm will colate
(ID the interactions among individuals with signals received from spe:

locations.The frequency of the analysis can be configured for a st
term (hourly,daily) or longerm (weekly,monthly)The output will be
a vector composed e id number asstated with the specific
t 20 GA 2y dhe statt afd th& endktimef fhgivtetactions
occurred with each individuah(b~ X:X L
”-o:[ Ly (ll,[tstamtend]), (|2,[tstart,tend6 0 Zm,[t&arztend]gr) L

|-2: (ll,[tstamtend]), (|2,[tstart,tend6 U zm,[tzgarztend]ﬁ) L

X
Ln: (ll,[tstart,tend]), (lzl[tstamtend6 U Zm,[t&arztend]ﬁ)]l—
Social activities yes no Track whether and which activities a person engaged in and resp
(as part of to enjoyment question.

coaching)

A detailed view of the algorithms used for the social interaction detection and the preliminary results obtained
on experimental data is presentedAppendix 3Preliminary Assessment of Social Indicators

4.3.5.1 Social activities apart of social coaching

The social coaching in NESTORE involves two pathwayssiibathwayis to improve social integration by
joining (new) social group activitiethat are in the areas of interest of the participant. The system will need to
recordwhether the (and which) activity has been engaged in and record also responses teujplipestions

on enjoyment. We also need this informationgmompt users with the appropriate behaviochange

messages of encouragement, reminders and prompts.

Thesecond pathwaynvolves attendace in morestructured social skill traininglasses. Again the system

needs to record engagement in these courses (which course, attended or not, enjoyed or not) as scheduled
and toprompt users with the appropriate behaviochange messages of encouragement, reminders and
prompts.
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4.3.5.2 nsiderations on the use of voice activity indicators

As one indicator of social interaction®ice activitycould be recorded using the Electronically Activated
Recorder (EAR34]. This is an app available for smartphones which records ambient sounds from the
environment in a prespecified time schedule (typical schedules include 30 secs snippets every 12 minutes or
90 secs snippets every 18 minutes). Tdsulting sound files are often transcribed and coded using coding
schemes that depend on the specific research question (e.g., whether couples talk about a given disease;
whether autobiographical references are made in terms of past, present and futwea¢ferences, etc[B5]

[36].

New developments in the field provide the less time consuming more automatized detection of human voice
across soundiles which can be aggregated to form an imadiic of the proportion of time human voice and

thus presunably social interactions (either F2F or via phone) have taken [8&¢eEven though this approach
provides unique insights into contextualized social interactiomm@fwere to code context information and

use in the analyses), there are some important ethical considerations using this approach. Unconsenting third
party individuals are also recorded. It is common practice in this line of research to have an extensive
information of participants in what the research is about and why these recordings are necessary, that they
cover in total only about-P% of the waking ours of a given day and are thus rather unobtrusive, but still
informative from a psychological point @ew. There is a mute function that allows participants to mute the
microphone for x minutes in situations where they wish to not be recorded.

As for the thirdparty, the transcription and coding only involves the target person, and in theOHESForxt
we would only analyse theuman voice presence without any furtherdepth content analysis. The
requirements on ensuring privacy differ from country to country and ethics committee to ethics committee.
UZH has a successful track record of collabamaiith Prof. Matthias Meh(University of Arizonah using the
EAR in various studies, after following a strict ethics protocol that could be shared within NESTORE.

It seems less feasible to acquire the ethics approval in all pilot sites in timesfplahned pilot starting date,
however. We therefore currently refrain from including this option into the NESTORE system and rather track
social interactions using sekports and other sensing data as complementary to each othaase of a later
inclusion, we will describe it as environmental sensor in D3.2.

4.4 Other indicators from environmental sensors

In this Section, we describe all teavironmentalindicatorsthat are transversal with respect to the five
NESTORE ohains identified in the documem2.1. These indicators refer to a wider meaning of user well

being and they are useful to detect a more general context of the user, in particular related to the status of his
environment. The indators extracted in this field déctly derive from Task 3.activities, in terms of

environmental sensors. The source of information for these indicators is hard data, in particular BLE beacons
embedding humidity and temperature sensors and their peculiar capability to detect proximity based on
Received Signalr&ngth.

4.4.1 Thermal environment condition indicators

Indoor Air Quality (IAQ is a major concern to businesses, schools, building managers, tenants, and workers
because it can impact the health, comfort, wedling, and productivity of the buildinoccupantsTheOSHA
guidance documer[37] on IAQ provides practical recommendations that help preimgnbr minimizindAQ
problems in buildings, and hedjin resolvinguch problems quickly if they do ari¢e the document

temperature and humidity areecognized asgnportant because thermal comfort underlies many complaints
Fo2dzi GLI22NI FANI ljdz- £ A& dé

Among themportant practicesuggested, the more related to residential buildinglude:
1 Check whether the temperature atimidity are maintained in a recommeed comfort range
(temperature: 20 to 2% elsiuglegrees andelative humidity: 30% to 60%)
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This condition is directly suggested by the ANSI/ASHRAE Stand20ii(§38]. The purpose ofttis standard is

to specify the combinations of indoor thermal environmental factors and personal factors that will produce
thermal environmental conditions acceptable to a majority of the occupants within the sphee.
environmental factors addressed ini$ standard are temperature, thermal radiation, humidity, and air speed;
the personal factors are those of activity and clothifigo in this document, temperature and humidity are
indicated as the more objective and easy to manage factors to deteahandor thermal environmental
conditions for human occupancy.

Table9 shows the chosen indicator with a short definition and the related source information.

Table9 Thermal condition indicators

Variable SHORT LONGTERM  Evaluation

Name TERM
Relative yes yes The ratio of the partial pressure (or density) of the water
Humidity (RM vapor in the air to the saturation pressure (or density) of
water vapor at the same temperature and the same total
pressure. It is directly detected by humidity sensor
embedded in BLE Beacons.
Air yes yes The temperature of the air surrounding the occupant. It i
Temperature directly detected by humidity sensor embedded in BLE
(AT Beacons.

4.4.2 House interactn indicators

Proximity sensors capture locational data by broadcasting an advertisement radio wave which is intercepted by
a receiver located on a person. The distance between the sensor which emits the wave erbiver is

calculated using Receivej®al Strengthrdication (RSSI). As radio wave accuracy is highly dependent on
environment the RSSI is used to interpret distance from an advertising sensor and thus location is estimated
based on proximity.

Environments using proximity for activity mitoring have several advantages over currently implemented
remote activity monitoring devicg89]. Radio waves could determine intention and movement through
increasing or decreasing proximity from a sensor to theivéug cevice as illustrated iRigureb.
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Increasing Likelyhood
of proximity and intent

20m 2m 5m I
tooth Beacon

Figure5 Proximity ranges from emitter to approaching receiver (picture
taken from[39])

As RSSI grows stronger between a sensor andeives, locality, motion, intention and proximity can be
determined (Kim et al., 2015). Multiple advertisement points could increase approximation within a &iothe
in NESTORE this aspect will be investigated starting from the collection of BLE R&8$ lof the wearable
device (please refer to document D3.1 and D3.2 for additional details).

Interactions between the user wearing the BLE enabled device and Point of In®eigts y G KS dza SNDa
equipped with small batterpowered BLE d&acons will be used to iaf indicatos of sedentariness andugh

estimation of high levelsf Activities of Daily Living (ADLS) as outlineBaiblel0. In particular, by placing BLE
0SIO02ya GKNRdAAK?2 dzi roonh$ of heshSnelwvil enfit groidhily Tadid | TN ugedwéearing

a receiver would move between, stay sedentary or interact with objects in theseAndther source of

information for inferring interaction between the user and Pols is represented by tredesiometer

SYOSRRSR Ay (GKS .[9 o0SIFHO2yad ! (GKNBakK2tftR 2y (KS YI
if the furniture (e.g., doors, shutters, etc.) on which the beacon is attached is moving, thus identifying if the

user has an interactiowith the respective Pol.

Tablel0House interaction indicators

Variable SHORT LONGTERM  Evaluation

Name TERM
Sedentary no yes Movement through proximity ranges. It usk®tion over
Level (SL the longtime to detectsecentarylevel The indicator will be
personalied on the useenvironment and behaviour by
means of a period of training (1 week).
Activities of yes yes It can be one of the set {Eating/Resting/Toileting) Immedi
Daily Living Proximit to Fridge, Microwave, Oven. Manipulation and
(ADLs) Proximity to BLE equipped cabinets. Near Proximity to Be
Motion yes no Number of novements between Proximity Beacons over

time (daily)
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Appendix 1. Complete list of indicators

Tablel1 Complete list of the extracted indicators with name, shiomg-
term nature, type of source of information, and reference section where the
indicator is explained

Indicator Shortterm Longterm Source Ref.
Maximal Heart Rate | no Yes (baseline) Hard 41.1.1
(MHR)

Resting Heart Rate no no Hard 41.1.1
(RHR

Medium Step Length | no yes Hard 41.1.1
(MSD

Fat Mass (FM) yes yes Hard 41.1.2
Total body water yes yes Hard 41.1.2
Muscle mass yes yes Hard 41.1.2
Bone mass no yes (baseline) Hard 41.1.2
Body Mass index (BMI| yes yes Hard 41.1.2
Perceived Calm Slge | yes yes Soft 41.1.3
(PCS)

Time in Bed (TIB) yes yes Hard 41.1.3
Awakenings (AW) yes no Hard 41.13
Sleep stages yes yes Soft 41.1.3
Total Sleedime (TST) | yes yes Hard 41.13
Sleep Efficiency (SE) | yes no Hard 41.1.3
Sleep onset (Son) yes no Hard 41.1.3
Sleep offset (Soff) yes no Hard 41.13
Sleep onset latency | yes no Hard 41.1.3
(SOL)

Wake after sleep onsel yes no Hard 41.1.3
(WASO)
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Sleep quality index yes yes Soft 41.1.3
(SQI)

Nonstructured Activity| yes yes Hard 41.14
Stairs yes yes Hard 4114
Sedentariness yes yes Soft 41.15
Target Heart Rate no yes Soft 4.1.2.2
Range (THR)

Exercise target no yes Hard 41.2.3
duration

Exercise duration yes no Hard 4124
Exercise frequency yes no Hard 4125
Exercise heart rate yes yes Hard 41.2.6
CardioResp score yes yes Hard 41.2.7
Training adherence yes yes Hard 4128
Steps and distance yes yes Hard 41.2.9
PseudeSix Minutes yes yes Hard 4.1.2.10
Walking Test (Pseudo

6MWT)

Elevation gain or Total| yes yes Hard 41.2.11
ascent

Number of squat yes yes Hard 41212
repetitions

Energy Consumption | yes yes Hard 4.1.2.13
Rate of perceived no yes Soft 41.2.14
exertion

Fatigue accumulation | yes yes Soft 4.1.2.15
Food Intake yes yes Soft 421
Nutrient Intake yes yes Soft 42.1
Number of meals yes yes Soft 42.1
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Intake of supplements | yes no Soft 42.1
Refused Foods yes no Soft 42.1
Basal Metabolic Rate | yes no Soft 42.1
(BMR)

Activity Energy yes yes Soft 42.1
Expenditure (AEE)
Energy Intake (El) yes yes Soft 42.1
Total Energy yes yes Soft 42.1
Expenditure (TEE)
WM1-NB no Yes (baseline) Soft 43.1
WM2-NU Yes Yes (baseline) Soft 43.1
MF Yes Yes (baseline) Soft 4.3.3
WM3-DSB yes no Soft 4.3.3
WM1-NU Yes Yes Soft 4.3.3
COGG yes no Soft 4.3.3
Cognitive ativities yes no Soft 4.3.3
HAPA yes no Soft 4.3.4
MDBF yes yes Soft 4.3.4
DEQ yes yes Soft 434
Acute Stress yes no Soft 434
Sentiment Valence yes no Soft 434
SI yes no Soft 435
Loneliness yes yes Soft 4.35
Social interactions yes no Hard 435
detection
(SD)
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Total number of yes yes Soft 435
interactions (TNI)

Interactions duration | yes yes Hard 4.35
(IDD)

Interaction locations | yes yes Hard 435
(IL)

Social activities yes no Soft 435
Relative Humidity (RH) yes yes Hard 44.1
Air Temperature (AT) | yes yes Hard 44.1
Sedentary Level (SL) | no yes Soft 4.4.2
Activities of Daily Livin¢ yes yes Soft 442
(ADL)

Motion yes no Soft 442

¢KA& LINR2SO0 KIFa NBOSAOGSR Tua0RieyeArchT NI Y (KS gdzNR LIS
and innovation programme under grant agreement No 769643




D4.1 1/24/2019 5:42 PM 24/01/2019

In this Aopendix we show the technical details related to the extraction of nutritional indicators. We first show
an example use case, then we present the communication paradigm to exchange data between the DSS and
the module finaly we show some technical implementation aspect of the extraction module

Example ofood intakeand Nutrient intake indicators extracton

We present a complete example showing the way we calculate the nutrients per dish and a vision of the
recommendatias that can be shown. The data showTablel?2, is needed to calculate the rates and
necessity of nutrients of the user.

Table12 User profile information needed for nutritional indicators
calculation

Name and Surname Gender Date of birth Weight (kg) | Height (m) | BMI (kg/m”"2)

Juan Garcia Man 23/04/1945 70 1,61 70/1,6172= 27
= 73years old

1 step. Calculation of the Basal Metabolic Rate (Harris and Benedict equation)
The first step is to calculate¢lBMR, the energy that a person consumes to maintain their metabolic functions.
In this case, as the profile of the example is a man, we apply the equation for Men as following:

MEN=[66,473 + (132 XW (kg)) + (B03 xH(cm))g(6,755 xA(years))]
BMR=66,473 + (13,752x70) + (5,003x1619,755%73)=
BMR= 66,473 + (962,64) + (805,488)93,115)= 1341,481kcal

2" step. Calculation of the Total Metabolic Rate
Afterwards, we need to calculate the TMR, which has also into account the energy that nbedsttken to
be able to do the physicaltivity performed by the user:

¢tawl mMonmXInymPMIpp T HATHPIHpppp F HnynlOFfkRIE
Physical Activity= Low = 1,55

Tablel3 Physical activity factors per gender to calculate the Total Metabolic
Rate (see D2.1.)

Physical activity factors

Low Medium High
Men 1,55 1,78 2,10
Women 1,56 1,64 1,82

3 step. Food detection and nutrients calculation
Taking the following example of 24 hours food intake, the nutrients are calculated
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Tablel4 Example of dishes intaken in 24 hours

Breakfast Snack Lunch Snack Dinner
Small cup of A Cod with potatoes: A cupcake Omelette sandwich:
coffee (100ml) | banana | a) 1 codfish fillet (150g) | (80g) a) 1 egg (659)
(1009) b) %2 onion (70g) b) bread (609)
c) 1 potato (15009) c) tomato (40Q)
d) olive oil (209) d) oliveoil (20g)
Energy (per Energy (kcal) CHO (per 100g) Carbohydrates F (per 100g)Fat (g) P (per 100g)Protein (g) Ca (per 100g) Calcium (g)
100g) (9)
BREAKFAST Small cup of coffe
coffee (ml) 100 2 2 0 0 0,18 0,18 0,12 0,12 2 2
SNACK A banana
banana (g) 100 89 89 20 20 0,3 0,3 1,2 1,2 9 9
LUNCH Cod with potatoes
codfish (g) 150 100 150 0 0 1,05 1,575 22,1 33,15 18 27
onion (g) 70 26 18,2 5,3 3,71 0 0 1,125 0,7875 25,4 17,78
potato (g) 150 206 309 46,06 69,09 0,1 0,15 4,29 6,435 34 51
olive oil (g) 20 887 177,4 0 0 99,9 19,98 0 0 0 0
SNACK A cupcake
cupcake (§) 80 387 309,6 39,9 31,92 22,4 17,92 6 4,8 25 20
DINNER Omelette sandwich
egg (9) 65 150 97,5 0 0 11,1 7,215 12,5 8,125 57 37,05
bread (g) 60 240 144 47 28,2 1,6 0,96 8,3 4,98 56 33,6
tomato (g) 40 19 7,6 3,5 1,4 0,1 0,04 0,9 0,36 11 4,4
olive oil (g) 20 887 177,4 0 0 99,9 19,98 0 0 0 0
[ToTAL 14817 1543 68,3 60,0 2014
kcal 617,28 614,7 239,83
% 41,6€ 41,42 16,12

where CHO=carbohydrates; F= Fat; P= Protein; CA = Calcium

According to the previous calculations, the total intake recorded corresgioritie following values:

Energy(kcal) 2+89+654,6+309,6+426,6= 1481,8 kcal
CHO (9) 0+20+72,8+31,92+ 8= 154,329
F(9) 0,18+0,3+21,705+17,92+28,196= | 68,3019
P(g) 0,12+1,2+40,3725+4,8+13,465= | 59,9575
Ca(mg) 2+9+95,78+20+75,05= 201,83mg
Energy of each Percentage of each macronutrient
macronutrient
Energy(kcal) | 1481,8 kcal
CHO (g) 154,329 154,32x4*617,28kcal (617,28x100)/1481,841,65%
F(9) 68,3019 68,301x9*=614,709kcal (614,709%100)/1481,841,48%
P(9) 59,9575¢g 59,9575%x4*=239,83kcal (239,83x100)/1481,8%6,18%

*1g of CHO= 4kcal
*1g of F= 9kcal
*1g of P= 4kcal

4" step. Evalation of resultsand decisiormaking

CANBRG 2F Ftt3 Ad Ydad 0SS LRAYGSR 2dzi GKIFIG GKS SEFY
one day which are 2080kcal/day, and he is just eating 1481,8 kcal, so an advice in order to increase the energy
intake will be gven.
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If we focus on the micronutrient calculated, calcium (Ca), the current intake is 201,84mg/day, a quantity that
R284ay Qi O20SN) GKS NBO2YYSYRIGAZ2Yya F2NJ OFf OAdzy AyQl
1300mg/d).

In this case, an adw@bout calcium intake translated to a food group specific advice must be done. For
SEIFIYLX SY WQ! KAIK | Y2dzy iF 2N RKE S NS EINPRIOW arp Yeras ©S
Y2NYAYy3 O2FFSS 2NIKIFI@S | @23dz2Nli Fa | aylr Ol HQQ

Use case of communication sequers

In this section, we show the main use case developed in the DSS Nutritional Analyser. In this case, the user

uploads a phot®f a dish and the system recognizes the dish correctly. The workflow in detail is depicted in
Figure6.

DSS
Coach (WP5) Nutrition module (WP4) LogMeal API (WP3)

o Upload_photo (file, type of meal)

9 getimageRecognition (file)

e Probable dishes, food family

<

o Dishes with higher probability

e Confirm_dish (name dish, photo id)

>

o Feedback of the food group

Figure6 Communication sequence when a photo of a dish is uploaded.

1. The user uploads a photo thtgh the Coach specifying the type of meal (breakfast, lunch,

snack or dinner).

The DSS receives it and sends it to the LogMeal API.

3. The LogMeal API sends back to the DSS a response containing the most probable dishes with their

probabilities, together witttheir food families.

The DSS sends to the Coach the dishes with higher probability.

5. User select one of the proposed dishes and the Coach confirm the dish sending the name of the dish
and the photo id.

N

H

The DSS sends feedback of the food group relatede@onfirmed dish.
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Technical design of the Nutritional Indicators extraction mddu

The NESTORE system module named DSS Nutritional Analyser implements a set of RESTful web services used
mainly by the Coach for retrieving detailed information rangiogifthe longterm (general trend) to the

shortterm detail (specific daily indicators) on various aspects as determined by the system.

Supported operations of th&NESTORE

Operation Upload a photo to get food recognition
URI http://10.100.1.243:5000/ds/upload photo
HTTP Request POST

method

Query Parameters | file : The image file in .gp
meal: The type of meal (breakfast, lunch, dinner, snack,drink)
userid:The identification of the user (String)
Sample response | There are three types of response depérg of the recognized image:
- LF (®ddSz ri kS wW{ hb NBaLRyaS o6Aff
0 id: the identifier of the image. It will be used in other requests for
identifying the photo
o (& Liow a
o dish: an array containing the name of the recognized dishes with
probabilities higher than 0.5
foodType: recognized foodType and its probability

o

Example:
{"id": "5b0e882e8d169310ccd9533e", "typefotd", "dish™:
['lentils_with_vegetables", 0.9870889782905579], "foodType": ["soup",
0.9907799363136292]}
- L¥ (@&L)S heJSORMIpofide il ntain:
o id: the identifier of the image. It will be used in other requests for
identifying the photo
o G@LISY AGaRNRAYy]aé
o0 drink: an array containing the name of the recognized dishes with
probabilities higher than 0.5
Example:
{"id": "5b3%5a98d16931260beb9b6 type": "drinks', "drink™: ["'red wine",
0.9996318817138672]}
- Iftype =G A y 3 NBtReAJSGNireBporkse will contain:
o GeLISY GaAYINBRASYy(Ha¢
0 ingredient: recognized ingredient
Example:
{"type": "ingredient", "ingredient"; "tomato"}
- Ifitis not recognized as food the response will be: {"type": "rfoad"}

Operation Modify type (when recognized type is wrong)

URI http://10.100.1.243:5000/dss/modify _type

HTTP Request method | POST

QueryParameters photoid:¢ KS AR O2yGlFAYySR Ay (GKS NBaLR

realTypeThe real type of the photo (food, drinks, ingredients, non_food)
userid:The identification of the user (String)

Sample response {"id": "5b39f8d08d16931260h9b8", "type": "drinks", "drink": ["white coffee",
0.7329847216606141}
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The following appendix presents some ongoing activities and data collection initiatives, with the goal of
assessing thimdicators described in Section 4.3d detecting and measuring the social interactions.

We first present preliminary architecture useful for collecting and analy#fiiregsensing information, then
two meaningull experimental settings with the goal of ity how to effectively collect, store and analyse
data in realworld indoor environments.

A Distributed Analytics Platfion

The NESTORE project requires to collect data from a number of pilot sites with heterogeneous features. We are
designing a distrilted sensing architecture for collecting, storing and analysing deteged along the time.
Figure7 shows the prototype designed so far.

Fixed BLE Tags

. Database

Output

Y ]
—  NE—=

Mobile BLE Tags Web Server

Input

Reasoner Social Indicators

Figure7 An overview of theensing architecture for sociaténactions

The architecture comprises three building blocks:
1. sensing units
2. web server
3. reasoner

Thesensing unitsare based on the BLE technology (Bluetooth Low Energy) useful for detecting interactions
among people. Specifically, FLEX is dagigncusbom wristband guipped with a BLE unit abi®th to send
and receive BLE signals up to a specific range (e5gmeters away). In this way, a NESTORE user wearing the
wristband can record BLE signals emitted by other NESTORE users in the nearbynasmohd B4E signals to
other NESTORE users. Not only, but wristbands can also collect data from BLE units deployed on fixed locations
(e.g. living room, courtyard, kitchen and every aggregation spot), so that to reveal where interactions happen
more frequerly.
Wristbands send all the data captured (both from other users and from fixed location§yed &ervemwhich
stores the data received. Finally, data will be analyzedregsonerwhich, periodically, retrieves the data
stored and it analyses them thithe goal of:

9 detecting the meaningful social interactions of every NESTORE user

9 computing the social indicators

In order to detect the social interactions of NESTORE users, we plan to implement and test the SID algorithm
(Social Interaction DetectignSID will rely on the observation that RSS (Received Signal Strength) indicators of
BLE signals change while users have meaningfutdefeee meetings. More precisely, when users A and B
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meet, the RSS of their BLE signals changes remarkably. Felnow®an example during which A and B meet
for 5 times in a period of 30 minutes. This example has been obtained from the SocializeMBefztarcol
campaign, described ire&tion4.3.5

Figure8 RSS variation during fate-face meetings.

The low part ofigure8 shows,in red, the time intervals during which A and B had a real-fadace meeting

(the ground truth), while on orange and blue ame we show the RSS values captured by commercial BLE
wristbands. From the figure, it is clear that meetings are characterized by higher values of RSS with respect to
non-meetings periods. SID will exploit such observation, with the goal of detecting, for ever NESTORE user,
those time intervals during whichS$ values changes significantly. It is worth to notice that RSS values are
strongly affected by several conditions: obstacles, humidity, body posture as well as electromagnetic
interferences. All of such conditions contributed to increase the complexigtetting features of the RSS

values. The top part of Figure 1 shows how A hears BLE signals from B, and how B hears signals from A. From
the figure it is clear that the two users do not receive BLE signals with sale values, rather we observe significant
variations.

Pldiminary Results from the social indicate

The SID algorithm has been testedladhe results are presented [A0]. This research is conducted in the
framework of SocializeME project, aimed at studying sdgiahmics among students of a high school.

In this work, we investigateithe possibility of detecting social interactions amangjvidualsby using their
personal mobilghones, as BLE beacon receivargl commercial BLE Tags BLE beacon transmitters
Relying on commercial devices and not orhad expensive devices, we experienced several drawbacks and
we consider this workisa representative casstudy of the hidden complexities behind the detection of
human interactionsAs an example, we observademarkable and variable loss rate of the expected beacons;
the heterogeneity of Bluetooth chipset causes significant differences in the quality of the received signals;
variations related to the wearing position of the smartphones (e.g., in front or iecket, in a hand, or on a
desk) the body orientation of the volunteerandthe presence of other people in the nearoypact on the
detection accuracyWe performeda preliminary calibration campaign of the algorithm based on real
experiments conductedith students of I.T.I.S. E. Fermi higiool located in Lucca, ItalyheTcalibration
campaign consistedf several round of tests during which we recruited volunteer students from different
classes. We built a dataset of interactions obtained by reprimdyaccurate tests combined with a diary of the
groundtruth of such interactionsEach tst has been repeated for 5 runs, wher&ch run lasted for 6 minutes,
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