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Smart monitoring of seniors behavioural patterns and more specifically activities of daily living have attracted immense research interest in
recent years. Development of smart decision support systems to support the promotion of health smart homes has also emerged taking
advantage of the plethora of smart, inexpensive and unobtrusive monitoring sensors, devices and software tools. To this end, a smart
monitoring system has been used in order to extract meaningful information about television (TV) usage patterns and subsequently
associate them with clinical findings of experts. The smart TV operating state remote monitoring system was installed in four elderly
women homes and gathered data for more than 11 months. Results suggest that TV daily usage (time the TV is turned on) can predict
mental health change. Conclusively, the authors suggest that collection of smart device usage patterns could strengthen the inference
capabilities of existing health DSSs applied in uncontrolled settings such as real senior homes.
1. Introduction: Demographic changes caused by the increase in
life expectancy are a reality, especially in Europe [1], and have
shifted research focus to the study of seniors’ physical and mental
health. Ageing can have negative consequences to the
mental-and-physical health of the elderly due to natural cognitive
and physical decline but also due to other co-morbidities, chronic
diseases and social isolation.

Decision support systems (DSSs) have been widely used in the
field of clinical practice in order to assist healthcare professionals
to analyse data, make decisions and take appropriate actions in
the health management of their patients. Data-driven and
knowledge-driven approaches are the two mainstream methodolo-
gies to develop a DSS. The former approach has emerged lately
within ambient assisted living research field due to the plethora of
data produced by off-the-shelf sensors and devices and their open-
ness for further processing and analysis.

Continuous recording of health and lifestyle parameters any-
where/everywhere or else ubiquitously or ‘in the wild’ allow for
more accurate and detailed representation of subtle changes that
might be early signs of health deterioration. Real-time decision
support based on ubiquitous computing drive the change toward a
patient-centred decision making process.

Everyday life activities, as they are represented through basic ac-
tivities of daily living and instrumental activities of daily living are
considered as the best practice for practitioners to recognise health
deterioration risks [2]. One of the main topics in machine learning
and decision support literature concerns the effective classification
and recognition of ADLs [3–5] and deviation detection from routine
patterns [6]. Once ADLs are modelled, routine patterns are mod-
elled based on the sequence of activities and duration of each activ-
ity within the routine. Hidden Markov models (HMMs) appear to
be the most successful technique to characterise routines in ADL
[7, 8]. Accurate classification of ADLs is the first step for identify-
ing changes in the routine habits of the elderly to determine their
health conditions. Deviation characteristics such as activity duration
may prognose that an irregular activity occurred.

Another trend in ADL literature is its quantification through
sensor systems, based on widely accepted clinical assessment
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tests. Sensor readings such as walking speed or location features
are correlated to battery tests such as assessment of motor and
process skills [9]. Longitudinal data analysis has also been used
to correlate changes in co-morbidities and functional assessment
tests to irregularity and dissimilarity in sensor data observations
[10]. However, these approaches focus mainly in visualising
sensor patterns, rather than applying any data mining or statistical
analysis of scored ADLs.

One of the causes that lead to seniors’ health problems and can be
represented through ADLs has been sedentary lifestyle: in fact
seniors spent most of their awake time doing sedentary activities
[11]. Inactivity in late life can be translated into activities such as
TV watching. Many research programmes have been investigating
the relationship among the TV watching habits of the elderly and
their mental-and-physical health. A large number of studies have
found links between TV viewing time and various physical health
problems of older adults [11, 12]. For example, in the European
prospective investigation of cancer study 13,197 elderly were
followed-up for death ascertain, showing a high association
between the increase of TV watch time and an increased risk of
mortality caused by cardiovascular issues [13].

However, sedentary behaviours have been shown to affect the
mental health of seniors as well. The English Longitudinal Study
of Ageing conducted a 2 year follow-up of 6090
community-dwelling older adults in order to measure changes in
TV viewing time between baseline and follow-up time points.
Factors such as socioeconomic status, depressive symptoms, dis-
ability, chronic illness and physical activity were used as predictors
of TV viewing time changes. Results showed that more TV viewing
time is associated to lower socioeconomic status, presence of de-
pressive symptoms and physical inactivity among others [14].
The same study showed the existence of evidence at baseline
about self-reported TV viewing time correlation with higher depres-
sive symptoms and poorer global cognitive function. However,
other sedentary behaviours such as Internet usage affected mental
health in a positive way [15].

In an Australian Diabetes, Obesity and Lifestyle study, quality of
life subcomponents (physical, mental and vitality summary sub-
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Fig. 1 Smart TV monitoring system setup top: laptop running Java monitor-
ing app 24/7 plus connections; bottom: Philips smart TV
scores) were associated to TV viewing time (hours per day) in a
large cohort of Australian adults. Main outcomes of the study
were summarised as for the negative consequences of the TV
viewing time with respect to physical and mental well-being [16].
Da Ronch [17], has analysed data from 1383 seniors, as part of an

international research project called MentDis_ICF65+ and found
that there are associations among TV watching and various
mental health issues such as cognitive impairment, demoralisation
and depression.
Researchers have implemented various methods in order to re-

motely retain information about at home television usage of
seniors. A feasibility study was conducted by Nakajima et al.
[18] in order to monitor TV operating state. They extracted 1 year
patterns of TV watching time by developing an inexpensive
sensor and attaching it to the power line of the TV set. This
system was then retested with added functions that allowed continu-
ous remote monitoring and storage of data through an Internet con-
nection [19].
Tsukamoto et al. [20] evaluated a monitoring system that con-

sisted by electric field sensors. While this system can be used to
measure the usage of various household electronic devices, they
report accurate measuring of television usage. Shen et al. [21]
have developed a low-cost embedded multimedia terminal in
order to turn a conventional TV to a smart communication
channel. This extended TV device was able to gather information
related to TV watching such as the frequency of turning on/off
TV (times per day), the time length of each watching TV
(minutes) and the used watching channel (quantity per day).
These features were used as input to machine learning algorithms
such as support vector machines and artificial neural networks in
order to derive psychological status of elderly people. Results
obtained were described as very accurate and promising.
Suryadevara et al. [22] measured TV usage through wireless
sensing units that were extension to the devices power cord. This
was done as part of research done in a smart home, where data
was consequently used to predict wellness of elderly living.
However, previous attempts to monitor TV watching patterns

require that elderly living environments need a retrofit. Seniors
tend to reject technology when it becomes an impediment in the
home environment or aesthetically incongruent [23]. In this
Letter, we build on top of the literature findings and describe an un-
obtrusive way to remote monitor TV usage patterns in the living en-
vironment of four senior lone-living women, without the
development of any external, bulky devices or sensors. On the
basis of long-term monitoring of TV operating status, we have
managed to identify statistical correlations between measured TV
usage time and mental health trends. In the remainder of this
Letter, we provide a detailed description about the smart collection
and management of TV operating state data, the analysis performed
to extract change points and in particular their direction and the
presentation of statistically significant correlations among sensor
data and ground-truth assessment records provided by experts.
Finally, we shed light on the current research work on the field
along with research limitations and further envisaged work.

2. Smart TV monitoring system: The TV operating state
monitoring system consists of a smart TV and a custom
developed software that runs on a personal computer (PC) and
samples the TV operating state. TV and the PC that runs the
software are on the same local area network.
Smart TVs have emerged recently due to their capability of offer-

ing advanced computing services and Internet connectivity. Apart
from the conventional services offered by contemporary digital
TV sets such as electronic program guides, smart TVs are computer
systems that provide improved functionalities since they allow the
installation of rich Internet applications. The broad range of appli-
cations delivered through a smart TV include among others: games,
social networking, video communication, multimedia applications
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and voting. Philips 7000 series was delivered to seniors’ homes
and connected to the Internet via the local area network as part
of the unobtrusive smart environments for independent living
system [24].

Seniors could access, apart from channels, apps via a press on the
button on the remote control as well. While watching TV, seniors
could get to see the smart TV portal filled with apps with a press
on the button on the remote control and choose an app with the
remote controller.

As mentioned, apart from the smart TV, a Java application run on
a laptop, monitoring the TV usage status, e.g. whether TV is on or
off, which channel is the user currently watching. The sampling rate
was set every 5 min. Results were stored to a local resource descrip-
tion framework (RDF) database in the form of time stamped event
observations, readily available for easy retrieval and further pro-
cessing. A typical installation example is shown in Fig. 1.
3. User sample and data collection: Four elderly, lone-living
women aged 75.5 ± 5.44 years and 15.5 ± 7.37 years of education
were recruited. Three out of four seniors (3/4) had memory
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Table 1 TV usage data and relevant health information for each participant

Subject TV usage
(number of days)

Mean time of usage ±
standard deviation

Coefficient of
variation, %

Memory
problems

Depressive
symptomatology

Number of PHQ/other test
assessments

A 263 202 ± 151.4 74.7 yes yes 6/4
B 275 389 ± 303.9 77.9 no no 5/3
C 281 156 ± 142.2 91 yes yes 5/3
D 78 432 ± 322.2 74.4 yes no 3/2
problems, while two of them had depressive symptomatology.
Participants, that declared interest, were explained about the
purposes of the home study, and on acceptance they signed an
informed consent, declaring their voluntary participation. Seniors
were examined by two experts at baseline and at several
follow-up time points. Clinical staff administered a plethora of
tests to assess global cognitive function (mini-mental state
examination [25], montreal cognitive assessment [26], Trail A
and Trail B [27]), socialisation (Friendship scale [28]), physical
assessment tests (Fullerton Fitness [29] and Berg Scale [30]) and
depression levels (patient health questionnaire (PHQ9) scale [31]).

All tests were conducted every two or three months, except for
PHQ9 which was administered every 1 month approximately.
Values of daily TV usage were gathered unobtrusively for 11
months by the Java app. The study was approved by the
Bioethics Committee of the Medical School of the Aristotle
University of Thessaloniki, Greece (Approval No. 93/26-06-2014).

4. Data processing: Event observations were retrieved from the
SPARQL Protocol and RDF Query Language. All entries were
inspected and duplicate measurements were deleted. Then, data
were summed to obtain the total time TV usage per day in
minutes and further erroneous values were identified and removed
(hours per day >24). A synopsis of this data is given in Table 1.

After preprocessing, the mean and the coefficient of variation
were calculated for periods that differed in time for each test
group. These periods were defined based on the date of the baseline
or follow-up assessment: in the case of global cognitive function
tests, quality of life assessment tests and the Friendship scale inter-
vals lasted one month and more specifically ±15 days prior and after
each test administration date point, whereas two week intervals,
representing the weeks prior test administration, were chosen for
the PHQ9 scale tests. Distributions of TV usage values per
subject are depicted in Fig. 2. A Kruskal–Wallis H test showed
Fig. 2 Distribution of the values of TV usage per subject via kernel density estim
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that there was a statistically significant difference in TV usage
values between the subjects, H(3) = 164.1, p < 0.001. Multilevel
modelling (linear mixed effects models) [31] was used to test rela-
tionships between the time spent using TV and the various test
scores. This type of modelling takes into consideration the within-
subjects variance while allowing the exploration of relations
between-subjects. P-values for statistical significance of the coeffi-
cients of the model were calculated using bootstrapping (n = 1000
simulations). Data processing and analysis was done with the R stat-
istical software. All models are along formula (1), where β and b
represent the fixed effects vector and the random effects vector,
respectively

test score = b× time of TV usage+ b× subject+ error (1)

5. Results: Various statistically significant correlations were found:
there is positive correlation between the mean time of TV usage and
PHQ1 test result (loss of interest), PHQ2 (depressive mood), PHQ3
test result (insomnia/hypersomnia) and PHQ sum. Detailed data is
shown in Table 2. No statistically significant results were obtained
for any other test scores.

6. Discussion: An unobtrusive system for the remote monitoring of
TV usage patterns was developed, based on the importance of
identifying daily rituals of the elderly people lives. Older people
show an affinity for TV watching for various reasons such as
companionship, information source, entertainment and
establishment of daily rituals. TV usage patterns such as extended
TV watching time, TV programme types and watching period
time within day or night [20, 21]. On the basis of our preliminary
analysis and results, there seems to be a significant correlation
among TV usage time and mental health, as measured by experts.
This means that by unobtrusively monitoring TV usage rituals,
one may predict early signs of health deterioration. Previous
ate
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Table 2 Estimates, errors and fit statistics for mixed effects models

Response
variable

Effect Estimate Std.
error

Pr > t BIC

PHQ1 intercept 0.36197 0.36336 >0.05 56.9
TV usage

time
0.00115 0.00115 0.01a

PHQ2 intercept 0.64390 0.35945 >0.05 48.0
TV usage

time
0.00304 0.001 0.01a

PHQ3 intercept 0.064754 0.58324 >0.05 46.1
TV usage

time
0.003349 0.000868 0.003a

PHQ sum intercept 2.841025 1.9582 >0.05 104.7
TV usage

time
0.015087 0.004439 0.01a

BIC: Bayes information criterion score.
aStatistical significance as p < 0.05.
attempts on remote monitoring TV usage patterns of the elderly
equipped TVs with external, possibly bulky devices, in order to
allow for the recognition of the TV’s operating status, affect the
unobtrusiveness of the end user system and ultimately their
acceptance of installing into their living environments [23].
Future steps of this Letter include the use of additional informa-

tion that we store and may better predict health deterioration such as
time of the day that seniors watch TV, type of programme, e.g.
comedy, drama and frequency of TV channels navigation. Apart
from introducing additional features, we aim to apply more sophis-
ticated data analysis based on existing decision support tools that
has been previously published in [32]. Long-term trend analysis,
based on statistical control processes or similarity and dissimilarity
measures [33] could better visualise and identify abnormalities
within daily routines of seniors’ lifestyles and more specifically
their sedentary behaviour. Making this knowledge available to
seniors through mHealth tools could help them to understand
better any bad habits and empower them to change and follow
better rituals, similar to what quantified self-movement [34]
promotes.
A limitation of the current approach is that we took into account

the TV usage time, not the actual time they watch TV, which might
prove to be more accurate indicator for behavioural patterns shifts
and abnormal events detection. However, this can be easily inferred
based on the recognition of TV navigation, since we also have
access to channel viewing of the user. Furthermore, due to very
few data points (12) we could not find any relationships among
TV usage patterns and global cognition or physical ability.
Therefore, this result could not be considered as a safe conclusion
and further data are needed to ascertain or reject any such
assumption.

7. Conclusion: Seniors tend to follow certain rituals in their daily
lives. One of the most known ritual is the TV watching.
Underlying patterns have been correlated in the literature with
physical inactivity level and consequently with health problems
such as cardiovascular diseases. However, recently there are
studies that showed that extended periods of TV watching are
good predictors of emotional problems and mental decline. The
work presented in this Letter, describes an unobtrusive TV
operation status telemonitoring system for smart collection and
management of TV telemetric data that would enable further
decision support about early pathological signs. A longitudinal
study was carried out in the homes’ of four participants for more
than 11 months. Results suggest that TV watching time is related
to depressive symptomatology such as loss of interest in daily
activities, depressive mood, sleep deprivation and total depression
Healthcare Technology Letters, 2016, Vol. 3, Iss. 1, pp. 46–50
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levels. To this end, senior interaction with unobtrusive smart
devices, e.g. smart TVs or tablets, could be seen as rich sources
of information for patient-centred DSSs. The importance of
supporting decisions with this kind of unobtrusive monitoring
of daily living activities is believed to open up new ways of
properly investigating cognition and its early symptoms of
declination [29], as well as brain function in ecologically valid
environments [30].

8. Funding and declaration of interests: This work was supported
in part by the UNCAP Horizon 2020 project (grant number
643555), as well as, the business exploitation scheme of the
ICT-PSP funded project LLM, namely, LLM Care which is a
self-funded initiative at the Aristotle University of Thessaloniki
(www.llmcare.gr). A.S. Billis is supported by a scholarship from
Fanourakis Foundation (http://www.fanourakisfoundation.org/).
Conflict of interest: None declared.

9 References

[1] Walker A., Maltby T.: ‘Active ageing: a strategic policy solution to
demographic ageing in the European Union’, Int. J. Soc. Welfare,
2012, 21, (suppl.1), pp. 117–130

[2] James A.: ‘Activities of daily living and instrumental activities of
daily living’, Willard Spackman‘s Occup. Ther., 2014, pp. 538–578

[3] Cook D.J.: ‘Learning setting-generalized activity models for smart
spaces’, IEEE Intell. Syst., 2010, 2010, (99), p. 1

[4] Chernbumroong S., Cang S., Atkins A., ET AL.: ‘Elderly activities rec-
ognition and classification for applications in assisted living’, Expert
Syst. Appl., 2013, 40, (5), pp. 1662–1674

[5] Fleury A., Vacher M., Noury N.: ‘SVM-based multimodal classifica-
tion of activities of daily living in health smart homes: sensors, algo-
rithms, and first experimental results’, IEEE Trans. Inf. Technol.
Biomed., 2010, 14, (2), pp. 274–283

[6] Virone G.: ‘Assessing everyday life behavioral rhythms for the older
generation’, Pervasive Mob. Comput., 2009, 5, (5), pp. 606–622

[7] Duong T.V., Bui H.H., Phung D.Q., ET AL.: ‘Activity recognition and
abnormality detection with the switching hidden semi-Markov
model’. 2005 IEEE Computer Society Conf. on Computer Vision
and Pattern Recognition (CVPR’05), 2005, vol. 1, pp. 838–845

[8] Chung P.-C., Liu C.-D.: ‘A daily behavior enabled hidden Markov
model for human behavior understanding’, Pattern Recognit., 2008,
41, (5), pp. 1572–1580

[9] Robben S., Englebienne G., Pol M., ET AL.: ‘How is grandma doing?
Predicting functional health status from binary ambient sensor data’.
AAAI Fall Symposium Series Technical Reports, No. FS-12–01,
2012, pp. 26–31

[10] Robben S., Krose B.: ‘Longitudinal residential ambient monitoring:
correlating sensor data to functional health status’. Proc. of the
ICTs for Improving Patients Rehabilitation Research Techniques,
2013, pp. 244–247

[11] Rezende L.F., Rey-López J., Matsudo V.K., ET AL.: ‘Sedentary behav-
ior and health outcomes among older adults: a systematic review’,
BMC Public Health, 2014, 14, (1), p. 333

[12] Grøntved A., Hu F.B.: ‘Television viewing and risk of type 2 dia-
betes, cardiovascular disease, and all-cause mortality: a
meta-analysis’, J. Am. Med. Assoc., 2011, 305, (23), pp. 2448–2455

[13] Wijndaele K., Brage S., Besson H., ET AL.: ‘Television viewing time
independently predicts all-cause and cardiovascular mortality: the
EPIC Norfolk study’, Int. J. Epidemiol., 2011, 40, (1), pp. 150–159

[14] Gardner B., Iliffe S., Fox K.R., ET AL.: ‘Sociodemographic, behaviour-
al and health factors associated with changes in older adults’ TV
viewing over 2 years.’, Int. J. Behav. Nutr. Phys. Activ., 2014, 11,
(1), p. 102

[15] Hamer M., Poole L., Messerli-Bürgy N.: ‘Television viewing,
C-reactive protein, and depressive symptoms in older adults’, Brain
Behav. Immun., 2013, 33, pp. 29–32

[16] Dempsey P.C., Howard B.J., Lynch B.M., ET AL.: ‘Associations of
television viewing time with adults’ well-being and vitality’, Prev.
Med. (Baltimore), 2014, 69, pp. 69–74

[17] Da Ronch C.: ‘The role of different lifestyles on elderly’s Health.
Data from the MentDis_ICF65+ study’, 20 March 2015

[18] Nakajima K., Matsui H., Sasaki K.: ‘Telemonitoring system of tele-
vision’s operating state for remotely located families’. 2007 Sixth
Int. Special Topic Conf. on Information Technology Applications
in Biomedicine, 2007, pp. 186–188
49
This is an open access article published by the IET under the

Creative Commons Attribution License (http://creativecommons.
org/licenses/by/3.0/)

http://www.llmcare.gr
http://www.llmcare.gr
http://www.llmcare.gr
http://www.fanourakisfoundation.org/
http://www.fanourakisfoundation.org/
http://www.fanourakisfoundation.org/
http://www.fanourakisfoundation.org/


[19] Nakajima K., Matsui H., Motoya T., ET AL.:
‘Television-operating-state telemonitoring system in caring for
elderly people living alone’, Gerontechnol., 2008, 7, (2), p. 171

[20] Tsukamoto S., Hoshino H., Tamura T.: ‘Study on indoor activity
monitoring by using electric field sensor’, Gerontechnol., 2008, 7,
(2), p. 226

[21] Shen J., Zhang C., Jiang C.: ‘TV-based caring videophone system for
the elderly in the smart home environment’, J. Electr. Comput. Eng.,
2013, 2013, pp. 1–7

[22] Suryadevara N.K., Mukhopadhyay S.C., Wang R., ET AL.: ‘Forecasting
the behavior of an elderly using wireless sensors data in a smart home’,
Eng. Appl. Artif. Intell., 2013, 26, (10), pp. 2641–2652

[23] Hensel B.K., Demiris G., Courtney K.L.: ‘Defining obtrusiveness in
home telehealth technologies: a conceptual framework’, J. Am. Med.
Inf. Assoc., 2006, 13, (4), pp. 428–431

[24] Billis A., Katzouris N., Artikis A., ET AL.: ‘Clinical decision support
for active and healthy ageing: an intelligent monitoring approach of
daily living activities’, in Pereira F., Machado P., Costa E., ET AL.
(Eds.): ‘Progress in artificial intelligence SE – 14’ (Springer
International Publishing, 2015), vol. 9273, pp. 128–133

[25] Tombaugh T.N., McIntyre N.J.: ‘The mini-mental state examination:
a comprehensive review’, J. Am. Geriatr. Soc., 1992, 40, (9), pp.
922–935
50
This is an open access article published by the IET under the
Creative Commons Attribution License (http://creativecommons.
org/licenses/by/3.0/)
[26] Nasreddine Z.S., Phillips N.A., Bédirian V., ET AL.: ‘The Montreal
cognitive assessment, MoCA: a brief screening tool for mild cogni-
tive impairment’, J. Am. Geriatr. Soc., 2005, 53, (4), pp. 695–699

[27] Gaudino E.A., Geisler M.W., Squires N.K.: ‘Construct validity in the
trail making test: what makes part B harder?’, J. Clin. Exp.
Neuropsychol., 1995, 17, (4), pp. 529–535

[28] Hawthorne G.: ‘Measuring social isolation in older adults: develop-
ment and initial validation of the friendship scale’, Soc. Indicators
Res., 2006, 77, (3), pp. 521–548

[29] Rikli R.E., Jones C.J.: ‘Senior fitness test manual’, 2013
[30] Muir S.W., Berg K., Chesworth B., ET AL.: ‘Use of the Berg balance

scale for predicting multiple falls in community-dwelling elderly
people: a prospective study’, Phys. Ther., 2008, 88, (4), pp. 449–459

[31] Kroenke K., Spitzer R.L., Williams J.B.W.: ‘The PHQ-9’, J. Gen.
Intern. Med., 2001, 16, (9), pp. 606–613

[32] Billis A., Papageorgiou E., Frantzidis C., ET AL.: ‘A decision-support
framework for promoting independent living and ageing well’, IEEE
J. Biomed. Health Inform., 2014, 19, pp. 199–209

[33] Santini S., Jain R.: ‘Similarity measures’, IEEE Trans. Pattern Anal.
Mach. Intell., 1999, 21, (9), pp. 871–883

[34] Wolf G.: ‘Quantified self and the self-tracking patient’. Medicine 2.0
Conf., August 2011
Healthcare Technology Letters, 2016, Vol. 3, Iss. 1, pp. 46–50
doi: 10.1049/htl.2015.0056


	1 Introduction
	2 Smart TV monitoring system
	3 User sample and data collection
	4 Data processing
	5 Results
	6 Discussion
	7 Conclusion
	8 Funding and declaration of interests

