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Abstract—The changing demographic profile of the manifested in suffering, premature institutionalization,
population has potentially challenging social, geopolitical, and increased costs of care, and significant loss of quality-of-life
financial consequences for individuals, families, the wider society, for the patient and h/her family and carers [2]. This brief
and governments globally. The demographic change will resultin - overview identifies the scale of the problem and the issues
a rapidly growing elderly population with healthcare  around ADRD and dementia and demonstrates the correlation
|mpI|cat|on_s including Alzhelm_er type conditions (a leading cause petween an ageing population and dementia. To address the
of dementia). Dementia requires long term care to manage the sgyes and challenges identified and provide for an increase in
negative behavioral symptoms which are primarily exhibited in the Quality of Life (QoL) for patients and carers, while

terms of agitation and aggression. This paper considers the .. *. : : . : .
nature of dementia along with the issues and challenges implicit anéﬁ:::t?g atr?deA%uégg?;g]tgedcé):;zitlign?anaglng patients with

in its management. The Behavioral and Psychological Symptoms

of Dementia (BPSD) are introduced with factors (precursors) to This paper considers the nature and management of
the onset of agitation and aggression. Independent living is dementia, introduces BPSD and identifies the precursors to the
ConSIdel’ed, health mon|t0r|ng and |mp|ementat|0n In context- onset of ag|tat|on and aggressu)n |n patlents Wlth demen“a
aware decision-support systems is discussed with consideration of Independent Assisted Living (IAL) with e-Health monitoring to

data analytics. We postulate that the challenges lie in the effective manage the BPSD using intelligent context-aware systems
realization of independe_nt assisted living, achieving this remains incorporating decision-support is discussed wit a discussion
an open research question. around data analytics. Finally the paper closes with conclusions

Keywords—dementia, real-time health monitoring, assisted and directions for future research.

living; intelligent context-aware systems, big data.
. DEMENTIA

.  BACKGROUND Dementia is a degenerative condition [3] and is a

There is a demographic time bomb that has potentiall rogressive cognitive disabling disease which effects around
challenging social geopolitical and financial consequences fat7° Of people over 65 and in excess of 40% of people aged
individuals, families, the wider society, and governmentVer 90. Dementia is one of the main causes of disability later
globally. The demographic change will result in a rapidly!n life, ahead of cancer, cardiovascular disease and stroke.
growing elderly population with healthcare implications TyPical symptoms include: (1) memory loss, (2) speech
including Alzheimer type diseases (a leading cause dfmPediments, (3) deteriorating thought processes, and (4)
dementia) [1]. Dementia requires long term care to manage ti@Paired perception and reasoning [4].
negative beh_aw_oral symptoms w_hlch are _prlmarlly e>gh|b|ted in Additionally, changes in personality, behaviour, and mood,
terms of agitation and aggression. Caring for patients wittyhich include: depressive symptoms, apathy, agitation, and
Alzheimer’s disease and related disorders (ADRD) is estimateghgression [4]. Alzheimer’s disease (AD) is a leading cause of
to cost 80 to 100 billion dollars annually [1]. dementia and characterised by progressive cognitive

In considering the prevalence of dementia there is a direéflPairment  with neuropsychiatric symptoms such = as

correlation between the demographic changes alluded to aggomalous motor behaviour, depression, anxiety, weight loss,
the incidence of dementia [2]. The results of BPSD ardntability and agitation. The stages dementia have been
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modelled in [5] based on thBehavioral and Psychological symptoms and behaviours closely relatedi¢o 4 behaviours
Symptoms of Dementia (BPSD) [2]. The BPSD has gained who may be capable of remaining in a domestic enwient
acceptance from health care practitioners and impeder — while monitored. For a patient classifiedtis 5 IAL is patient
science research; seminal work being conducted foy, specific and whilst there may be a case made tentien of
example, Cohen-Mansfiekd al, see [6]. IAL arrangement the likelihood is that institutidrare is the
. .__sensible option. In considerirtgers 2, 3 and4 the status’(s)
AT tle_red conceptual mo_del [5]. sets out a.graph'caclassified under these tiers offer the optimal scfap retention
representation of BPSD in which patients with detieare — ¢"\a| "5 nnorted by 24/7 remote monitoring usingnser
classified according to the severity of symptomd toeir need technoloai : ; :
X : ; gies with mobile technologies.
for different levels of health care services, twen tiered
model is constructed as follows. The prevalence f a  Based on this analysis retention of IAL for domesti
estimates; for tier 7 prevalence is the estimaedgntage of settings can be restrictedtters 2, 3 and4 with possiblgier 5
people with dementia who fall into this categorg dor tiers 5 patients displaying behaviours closely relateddn4 patients
and 6 estimates are based on clinical observationgor  as set out in the 7 tier model. This conclusiosupported by
example, [7]. the observations in [5]; from a dementia management
. ) . ) . perspective the estimated prevalence of BPSD inedéem
© Tier 1: No dementia. Management: universal o ients in specific tiers is: 40% foer 2, 30% fortier 3, 20%
prevention, although specific strategies (0 preven,  ier 4 1096 fortier 5, and 1% fortier 6. The incidence in
dementia remain unproven tier 7 is noted as ‘rare’. In practice the clear demavoat
« Tier 2: Dementia with no BPSD. Prevalence 40%between the tiers is not realistic as the boundaaie fuzzy
Management: by selective prevention, thoughhowever the conclusions drawn from the analysisarevalid.

preventive or delaying interventions (not widely  prom this analysis it can be seen that the mandgtiats
researched) from an IAL perspective (tiers 2, 3, and 4) repres@0% of
. Tier 3: Dementia with mild BPSD — e.g., night time the population of patients with dementia and régenof IAL

disturbance, wandering, mild depression, apathyfor these cases (plus the identified cases in Sjepresent

repetitive questioning, shadowing. Prevalence 30040PpOrtunities to improve the QoL for patients aadecs while
Management: by primary care workers. realising significant financial savings for all lstholders in the

management of ADRD and dementia.

» Tier 4: Dementia with moderate BPSD — e.g., major
depression, verbal aggression, psychoses, sexu&'
inhibition, wandering. Prevalence 20%. Management/\'?
by specialist consultant in primary care.

There is a large body of documented research asidges
heimer type conditions in general and dementia i
particular [5][6][7]; the literature reviewed hascfised on
agitation and aggression as these behaviors relatementia.

» Tier 5: Dementia with severe BPS - e.g., severd\gitated behavior is one of the most frequent reasthat
depression, psychoses, screaming, severe agitatiopatients with dementia are placed in long-term cattings.
Prevalence 10%Management: in dementia specifiThese behaviors are indicators of distress andasseciated
nursing homes or by case management under with increased risk of injury to the patients ahdit caregivers
specialist team. [8]. Biswas et al [9] have noted that Agitated behavior is

. . . common in patients with dementia and representsallenge
e Tier 6: Dementia with very severe BPSD - e.g P b g

hvsical . d . X d%?r all stakeholders in dementia management. Therex
physical —aggression,  SEvere —depression,  SUICIldlynsensys in the literature that for dementia tgitaand

f
tendencies. Prevalence <1%. Management: iy

psychogeriatric or neurobehavioral units ggression represent not only a serious problemishaiso

frequently a tangible manifestation of other negabehavioral

« Tier 7: Dementia with extreme BPSD — e.g., physicalssues.
violence. Prevalence rare. Management: in intensive
specialist care unit. Ill.  THE PRECURSORS TO THEONSET OFAGITATION

In consideringtier 1, this can be managed by regular The symptoms and behaviors identified as they eelat
consultations with healthcare professionals wheiegribsis BPSD are addressed in [3] and are classified urler
and management can implemented however while marage neuropsychiatric symptoms: (1) anomalous motor Vieba,
of the condition can be achieved through univepsatention, (2) depression, (3) anxiety, (4) weight loss, (Bjability, and
specific strategies to prevent dementia remaineandb]. (6) agitation. These classifications provide re¢amli®ieadings
under which the precursors to manifestation ofBRSD can

Tiers 6and7 require institutionalisation and retention of a be modelled for use in implementing 1AL

domestic living arrangement is impractical and ptigdly
dangerous for both patients and carefger 5 is more Firstly, symptoms of dementia which Pugh al [3]
problematic as management [of the patient] may fme i consider are not amenable to monitoring in smadit assisted
“dementia specific nursing homes or by case managem living environments. These symptoms relate to degive
under a specialist team. states; we would argue that the monitoring of ssiites is
possible as discussed by Pesigal [10]; therefore we will
include the precursors to depressive states in lite of
precursors discussed in this paper. The 6 neurbjmyic

Thus, fortier 5 patients the spectrum of BPSD severity
varies; as such there may be patients witiein5 who display



symptoms [3] represent classifications of precuwsuanich are
potentially amenable to automated sensor-basedtonimg in

IAL if suitable non-invasive sensor-based monitgrand data
capture in a machine processable formalism cardéetified

and implemented. This is discussed in subsequetibss of
the paper.

A. Anomalous motor behaviour

Anomalous motor behavior (AMB) can be viewed as

physical movement including location-based behagicauch
as wandering as discussed in the literature
Additionally, verbal behaviours as identified cas\bewed as
motor behaviours. Such behaviours are amenabl®titoning
using a range of sensor technologies includingdblitdeo
monitoring and non-medical grade sensors.

B. Depression and Weight loss

Changes in a dementia patients weight (generallighte
loss however weight gain may be an indicative fcte a
significant precursor of dements behaviour drivenfailure to
eat a good diet (often patients forget to eat parerl meal) or
anomalous motor behaviour in terms of anomalousdehr
relating to either excessive movement (a precuwbagitation,
aggression, mania, or general restlessness) onatiteely too
little movement which may be an indicator of a @smgive
state which has a reported frequency in a patieptlation of
80% in the BPSD scale [2][6].

Two potential sensing approaches are possibleregylar
weighing using smart scales, and (2) sensor teobied to
measure the levels of movement. Research condhgtédmes

revie

precursors (data points in computational termghéoonset of
agitation and aggression we now turn to the chgdleof
implementing IAL using the precursors to triggeadpated
interventions. From a practical perspective impletaton of
IAL essentially relies on three components: (1) ftiheta
structure used forn memory and persistent storage of data
(contextual information),computational modelling, (2) data
capture using sensor networks realized using ‘srspaces’
with wireless networked and / or mobile communimati
technologies with interfaces to the software (cxinte

V\}‘niddleware) defining the appropriate data types fmthat,

and (3) context middleware to process the captooedextual
information (sensor derived data) with visualizatiin an
appropriate format.

A. The Data Structure (Computational Modelling)

Identifying the precursors demands the modellingthef
domain of interest (context modelling); this hasmaddressed
in [13][14] where (tology Based Modelling (OBM) has been
identified as the optimal approach. OBM providegemeric,
non-hierarchical, and readily extensible structoapable of
adaptation to suit the domain specific nature aftext with
the capability to define the metadata, the conperperties,
and the literal values used in the context-matchpnocess.
Additionally, while the approach presented in thaper does
not currently use inference and reasoning (whicheggly
applies subsumption and entailment).

Context modelling is designed to enable the mapjihg
context properties and their literal values witlt@nparative
analysis of data points (such as environmental rpaters),
proximate information (social parameters), and oro{spatio-

Levineet al [11] addresses the measurement of movement asfimporal parameters). Motion is reflected in moveimend

relates to obesity. Whereas in dementia the measune
(generally) relates to excessive motor behaviowr, (weight
loss is an indicator) Levinet al targets the lack of exercise
(resulting in weight gain). Notwithstanding thefdifng focus
of the research the approach adopted by Legirsd may be
useful in monitoring the motor behaviours in derr@epatients
(both for weigh loss and weight gain). In theirgimal work
the energy generated by sensors located in clothvag
intended to measure a lack of exercise; the coaveas be
applied to dementia patients to measure excessereise.

C. Anxiety/ Irritability / Agitation

This is perhaps the most important category of ddeak
behaviour is agitation; irritability and anxietyeaarguably
related to agitation and may share many of the sym@ Such
symptoms and behaviours have been shown to lead
aggression which is an issue for patients and saatike.
Agitation, anxiety, and irritability may be monitmt using
blind video monitoring and non-medical grade sesisitrere is
however a potential need to include
measurements such as [12]: Galvanic Skin RespdaS&),
Blood Volume Pressure (BVP), Heart Beat (HB), resjmn,
EEG, ECG, etc.

V.

Having considered the relevant metrics that relate
agitation and aggression in dementia and identifted

IMPLEMENTING INDEPENDENT ASSISTED LIVING

physiological

position (e.g., vertical or horizontal) in spacel dime. OBM
implemented using Semantic Web technologies (€uVL)
[17] implemented using the Jena API [18]provides Hasis
upon which data storage with accessing and updatinige
used in the comparative analyses.

In considering dementia the modelling of BPSD hasrb
investigations by Hurleyet al [15] have resulted in the
development of the SOAPD ontology. A number of
implementations of systems designed to model demeise
the SOAPD ontology including [16] to enable the elepment
of sophisticated systems that facilitates caregiwnd clinical
assessment of dementia patients. The SOAPD ontditisly
addresses the domain specific BPSD parametersetialsing
the implementation of current states (contextshwipdating
fﬂver time in ‘real-time’ with ‘Big Data’ solutionas discussed

this paper.

B. Sensorsand data capture

The nature of the data required to identify and sueathe
data points (the precursors) relate to the 6 neyapatric
symptoms identified in [3]. It is apparent from tHiscussion
on precursors and symptoms that progression of wigsne
through the seven tiers is characterised by siamti changes
in behaviour. The most appropriate changes for wih
sensing appear to be based around location, matidrsound.
For instance, in terms of sound, it is possibledtagnose
conditions such as Parkinson's Disease througmalysas of



spoken words, even in
www.parkinsonsvoice.org). Figure 1 shows an andagb
designed to monitor trembling in Parkinson’s pasethis has
a synergy with dementia where monitoring of a pdsie
changing ‘state’ in ‘real-world’ e-health monitogirsituations
is concerned.

Fig. 1. Measuring hand trembling using an Android smartghon

Sound can also be used as part of systems for @moti

recognition as discussed in [19], this may helpirttorm
diagnosis at Tier 3 and above. More significant baér
outbursts above Tier 3 (and even repetition at tawegs) are

the early stages (see e.guggested that temperature perception alters fonedga

sufferers, and associated discontent can be esgreksough
problematic behaviour [23]. Also, analysis of lightels and
spectral components within a care environment cawvige

useful clues in terms of sleep problems, see g4d], It is

therefore possible that monitoring of dementia engffs

environment, comfort level and any adjustments tmake to
heating/cooling controls, could add to longitudimddta for
diagnosis. In fact, a wide variety of links haveebesuggested
between environment sensor data and medical condiguch
as dementia, a fuller discussion being availab[@%}.

Finally, it should be noted that many of the abfa&tors
can be monitored through Smartphone use, as westhtis and
body-mounted monitoring systems. Smartphones kedylito
be used by sufferers through many tiers of demertial
include sensors such as accelerometers, gyroscapds
microphones suitable for event detection and lewigiial data
collection. For carers and clinicians they can &eoused for
logging of symptoms, problematic-events and emoti@ta
that can enhance longitudinal analysis of sensda die.
humans as sensors into their own, and otherssktate

V. DATA PROCESSING
The processing of the captured data into usefokimétion

obvious candidates for use of microphone-based osens can be viewed under two headings: (1) in ‘real-tidata

which, especially when worn on the body, need rovige

any privacy concerns as actual voice data neetdencecorded.
It is also apparent that pitch and amplitude ddtam

microphones, can provide significant monitoringadat the
detection of verbal aggression and screaming irs e and
above.

processing in e-health monitoring, and (2) the pssing of
data in ‘big-data’ solutions in which data is migiis applied
to realise long-term prognoses.

The goal of ‘real-time’ data processing in a health

monitoring scenario is to measure a patients cturstate at
time t0 and the changed state a time t1 (the tintenials

As far as motion is concerned, monitoring behavioubetween t0 and {t1 ... tn} will be defined by themitiian and

changes through video is likely to be consideredhlii

intrusive, although to a reducing extent as a patiaoves

toward the higher tiers. So, in Tiers 6 and 7, whgolence (to
oneself and others) is a real risk, it is likelybt® an expected
form of monitoring (e.g. CCTV in a care home). Tefere, it

is that perception of intrusion that is likely &, least in part,
dictate the sensing techniques that can be usedwBere

computer vision is considered appropriate it alss hhe

advantage of being able to provide more informatiban

simple motion-related data. For instance, a sigaifi problem
in older people is ensuring adequate nutritiongesly where

patients may forget to eat. In that scenario, C&&x be used
to monitor body-mass changes [20].

Shadow data from cameras is likely to be more apjate
for lower tiers, however, where systems such asetod [21]
can provide information on gait using the Micros&inect
sensor. For both CCTV and shadow data, it is plessidetect
the problem of wandering (e.g. Tier 3/4 and abosajl
unattended exit, the Kinect in particular having t#tdvantage
of simpler three-dimensional location estimationmigrly,
location-contexts are likely to provide significabéhaviour
data and can be measured also through proximiticlses and
radio-module signal strength measurement (e.g. tGdte,
WiFi, Zigbee, and suchlike). In some contexts niihne
wandering can be dangerous, and so monitoring regsseich
as those discussed in [22] can help reduce riskas$t been

will be patient and condition dependent). The aurhiégh end

Smartphone’s offer the prospect of implementingalodata
processing with decision support thus enabling tenfealth
monitoring. Health monitoring clearly involved aryelarge

volume of data. The requirement in ‘real-time’ leal
monitoring is for health monitoring applicationsial can run
on low-powered devices (such as high-end mobileespand
can process the sensor derived data to reach tirdgaisions
relating to a patients dynamic state at times {th}. Ideally,

health monitoring systems will only communicate reat

patients state if there is an issue or problem (keebrief

illustrative scenario later in this article). Whetlgere is no
change the system will not react. Clearly ther@ isquirement
for any number of reasons for the patient monitprin
information to be sent at periodic intervals fogding and
possibly further analysis. The intervals at whichchs
uploading of the collected data is made is agaidirdcal

decision. The analysis of the data from multipléguas can be
viewed as a big-data challenge.

‘Big-Data’ (it has been observed that the term ibwuwz-
word’ and has formerly been known as data miningrayst
other similar terms) relates to a scenario in whiehy large
volumes of data are gathered and processed tafidéntthe
case of health monitoring systems) trends in th& dad
potential prognoses based on the data collectedresults
obtained from multiple patients. Clearly, big-daalutions



require massive data storage and computing powasgposed
to the ‘real-time’ data processing). An exemplaadbig-data
analysis can be seen in the brief illustrative adenlater in
this article.

Central in the proposed approach to data processitige
processing of captured data (contextual informaticthe
posited approach usesCantext Processing Algorithm (CPA)
[13] which provides a basis upon which contextn&imation
can be processed while with constraint satisfactard
predictable decision support (an essential considerationan, f
example, health monitoring which whilst arguablyZy in
nature must result in clearly defined decisionsithey to a
patients current and changing state / prognoseerislly, the
context-matching process is one of reaching a Baoole
decision as to the suitability of a specific indwal based on
context [13]. Given that a perfect match is highhjikely the
CM algorithm must accommodate the PM issue alorty @i
number of related issues as discussed in [13]. M tBe
probability of a perfect match is remote therefdtartial
Matching (PM) must be accommodated.

The CPA is predicated on thEvent:Condition: Action
(ECA) rules concept, the <condition> component @yipg
the IF-THEN logic structure [13] which relates teetnotion of
<action> where the IF component evaluates the
<condition> resulting in an <action>. The <action» the
proposed approach can be either: (1) a Boolearsidacior (2)
the firing of another rule.

To address the PM issue the CPA applies the plegip
identified in fuzzy logic and fuzzy sets with a idefd
membership function which is predicated of the afsgecision
boundary(s) (thresholds) [26] as discussed in [1Bhe
membership function provides an effective basisnuptich
predictable decision support can be realized uboth single
and multiple thresholds to increase the granulaafythe
autonomous decision making process. Conventiorgit Its
generally characterized using notions based on earcl
numerical bound (the crisp case); i.e., an elemsn{or
alternatively is not) defined as a member of aigebinary
terms according to a bivalent condition expresseduanerical
parameters {1, 0} [27]. Fuzzy set theory enable®atinuous
measure of membership of a set based on normaliaeds in
the range [0.0...1.0]; these mapping assumptionsetal to
the CPA [13]. The processing of contextual inforiowatin
context-aware systems imposes
encountered in decision support under uncertawwtyich is
possibly the most important category of decisionbfgm [28]
and represents a fundamental issue for decisiopestpin
summary, the CPA provides a basis upon which dewsi
under uncertainty with high levels of predictapilitan be
realised. A discussion on the CPA, rule strategi® the
related conditional relationships for intelligerdntext-aware
systems with example
evaluation can be found in [13].

VI. CONCLUSION

This paper has introduced the background and nimtiva
for the growing concern regarding Alzheimer typeditions
in general and dementia in particular. The BPSD Ihesn

discussed and the 7 tier model [5] has been pregenith
conclusions drawn on the appropriate stages of déanehich
can be addressed using health monitoring techniiquige. in
a computerized system. The overall conclusions thedt
behaviors tiers 2, 3, 4, and possibly 5 may be tooed with
the aim of enabling a demented patient to remaandiomestic
environment for longer with benefits for the patierQolL,
family, the healthcare system, and the wider sgciet

Consideration has been given to the precursorshéo t
detection of the onset of agitation and aggressiopatients
with dementia along with references to sensor telcigies. In
data intensive context-aware systems the basic coemp
technologies exist are all currently available awilely
researched . Such technologies include: mobilesystnd the
related infrastructures, sensors, smart applianeésgless
mesh architectures, cloud services, and
brokerage/processing. While there is a need for
development of non-invasive sensor technologiesliGsissed
in subsequent sections of this paper) the basisoseand
communications technologies are generally well bgpes.
The challenges lie While there is a need for theeigment of
non-invasive sensor technologies (as identifiedhia paper)
the basic sensor and communications technologies

data
the

ar

ruI%enerally well developed [29]. The challenge lies the

evelopment of intelligent context-aware system#wsoe
capable of processing the sensor derived datantextaware
decision-support systems capable of implementingaeced
levels of computational intelligence.

Health monitoring for patients with dementia haserbe
discussed and agitation and aggression identifieé anajor
problem. Agitation may be viewed in terms of an &omal
response to a range of stimuli [30]. This is adskdsin [30]
where the nature of knowledge is considered alontpy w
cognitive conceptual models and semiotics [31][32]] the
use of these approaches to tacit and explicit kedge
representation including the usewatence [30][34][35] offers
exiting potential opportunities to model agitati¢stress) in
patients with dementia to enable graduated int¢imen This
however currently represents an open researchignest

While the research discussed in this paper hasnbému
resolve a number of issues relating to the proogssif
contextual information, including potentially theatd that
relates to emotional response, a number of chakeng

issues similar tosethoidentified remain as open research questions. §uelstions

relate to: (1) the identification of the data (kiedge) that
identifies emotional responses, (2) the developro&iat [non-
invasive] approach to data capture of such infoionai(3) the
development of a suitable Semiotic grammar and neale
measurement system for emotion, and (4) represggrntia
knowledge (data) in a suitable data struct@errently OBM
represents the optimal solution to the storage adrdext; it is

implementations and a dataséiowever recognized as an effective but sub-optisodlition.

For a discussion on the issues and challengesifiddrin the
research with consideration of potential solutises [13].

The health monitoring introduced in this paper, lavhi
focusing on ADRD and dementia has the potential to
generalise to a range of conditions where IAL forias
desirable aim (e.g., post-operative care in a petieown



home). The potential is very exciting and represeat
potentially profitable direction for research wiibnefits for all
stakeholders in health care.
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