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Abstract—Malnutrition and dehydration are strongly as-
sociated with increased cognitive and functional decline in
people living with dementia (PLWD), as well as an increased
rate of hospitalisations in comparison to their healthy coun-
terparts. Extreme changes in eating and drinking behaviours
can often lead to malnutrition and dehydration, accelerating
the progression of cognitive and functional decline and result-
ing in a marked reduction in quality of life. Unfortunately,
there are currently no established methods by which to
objectively detect such changes. Here, we present the findings
of an extensive quantitative analysis conducted on in-home
monitoring data collected from 73 households of PLWD
using Internet of Things technologies. The Coronavirus 2019
(COVID-19) pandemic has previously been shown to have
dramatically altered the behavioural habits, particularly the
eating and drinking habits, of PLWD. Using the COVID-
19 pandemic as a natural experiment, we conducted linear
mixed-effects modelling to examine changes in mean kitchen
activity within a subset of 21 households of PLWD that were
continuously monitored for 499 days. We report an observ-
able increase in day-time kitchen activity and a significant
decrease in night-time kitchen activity (t(147) = -2.90, p <
0.001). We further propose a novel analytical approach to
detecting changes in behaviours of PLWD using Markov
modelling applied to remote monitoring data as a proxy for
behaviours that cannot be directly measured. Together, these
results pave the way to introduce improvements into the
monitoring of PLWD in naturalistic settings and for shifting
from reactive to proactive care.

I. INTRODUCTION

THERE are currently around 50 million people living
with dementia (PLWD) worldwide, and this num-

ber is estimated to rise to approximately 150 million
by 2050.1], [2 Malnutrition and dehydration are strongly
associated with increased cognitive and functional decline
in PLWD.3]–[6 Furthermore, PLWD are more likely to ex-
perience malnutrition and dehydration when compared to
age-matched controls,7], [8 with such events accounting for
ten times more hospital admissions in PLWD.9 Extreme
changes in eating and drinking behaviours often result in

episodes of malnutrition and dehydration. With malnu-
trition and dehydration being linked to the acceleration
of cognitive and functional decline, this can lead to a
marked reduction in quality of life. As such, it is crucial to
detect changes in the in-home eating and drinking habits
of PLWD. Despite this, there are currently no established
methods by which to objectively detect such changes.

There are many reasons why a change in eating and
drinking habits might occur. The cognitive and functional
decline symptomatic of a dementia diagnosis can increase
the likelihood of physical difficulties in food preparation
and feeding (having trouble chewing and swallowing), as
well as shopping,10], [11 and these changes tend to vary
dependent on the progression of the disease.12 Another
reason may be that the PLWD is experiencing a change
in their state of health due to an underlying adverse
health condition. Additionally, external factors that occur
outside the disease model, such as a change in household
occupancy or a catastrophic event, can also affect the
eating and drinking behaviours of PLWD.

In this study, we use in-home monitoring systems
to detect changes in behavioural patterns of PLWD. The
emergence of Internet of Things (IoT) technologies pro-
vides us with an unprecedented ability to continuously
monitor and quantify behavioural patterns of PLWD pas-
sively and in real-world settings.13], [14 Recently, there have
been several studies that have focused on the benefits of
assistive living technologies for PLWD. For instance, Ishii
et al. and Urwyler et al. employed passive infrared motion
(PIR) sensors to monitor activities of daily living to differ-
entiate between healthy controls and PLWD. By monitor-
ing the continuity and regularity of performance of these
activities, these studies were able to suggest a method by
which to identify the onset of neurodegenerative dementias
in the earlier stages of disease.15], [16 Previous work has
also been done on time series anomaly detection applied
to in-home monitoring data. For instance, Monekosso et
al. employed the Hidden Markov Model (HMM) technique
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to model behaviour from sensor data that had undergone
distance-based clustering to group the activities of daily
living of a PLWD.17 Despite being one of the most widely
used techniques, HMMs suffer two main limitations: they
do not take into account the temporal patterns generated
from sensors, and their Black Box approach leads to
reduced explainability of the model’s decision-making
process. As such, the focus of our current work is on
developing a ’Glass Box’ approach to anomaly detection
that considers temporality.

Here, we use COVID-19 as a natural experiment to
observe how household routines can be affected by exter-
nal catastrophic events. From the start of the Coronavirus
pandemic in December 2019 (COVID-19), governments
worldwide have attempted to slow the spread of this
disease using quarantining measures.18 Since then, several
reviews have reported changes in behavioural patterns at a
population level.19], [20 These changes included increased
snacking, as well as an increase in food intake (amount
and frequency).19], [20 Existing research has investigated
the effects of lockdown on PLWD, with findings indicating
that PLWD experienced changes in their in-home eating
and drinking habits when in quarantine.18], [21 However,
most of these studies used telephone questionnaires to
collect this data.18], [21 Such an approach is not only overly
reliant on self-reporting - which is not always feasible for
PLWD - but could also be highly subjective. The use of
remote monitoring technologies allows us to investigate
previous statements in literature at a quantitative level.
Further to this, we propose a novel ’Glass Box’ analytical
approach to detecting changes in the in-home behaviours
of PLWD.

II. METHODS

A. Reproducibility

To ensure this work is reproducible, we have made
all the code involved in this work publicly available with
a link included in this paper (see Section VI). Likewise,
all datasets used in this work have been anonymized
and also made publicly available with a link included
in this paper (see Section VI). For all datasets shared,
we include relevant statistics, a description of the pre-
processing pipeline, and an explanation of any data that
were excluded.

B. Participants

Remote-monitoring data was collected from 120
households of PLWD as part of the ongoing Minder
study being conducted at the UK Dementia Research
Institute (UK DRI) Care Research & Technology (CRT)
centre.22], [23 This study uses activity within the kitchen
as a proxy for eating and drinking habits. To be included
in the Minder study, all individuals have to have an estab-
lished diagnosis of dementia or mild cognitive impairment
(see Supplementary Information). To be included in this
study, each household had to have at least 100 days of
kitchen activity data. Due to this criterion, a total of 73

households were included in the final cohort, with the
mean number of days collected across these households
being 427 ±257, both to the nearest whole number.
Of the 73 households, 20 PLWD were living alone (15
female and 5 male) and the remaining 53 households had
multiple occupancy (17 female and 36 male) (see Figure
1a). Within this cohort, there were a range of diagnoses,
with the majority of diagnoses being Alzheimer’s Disease.
For further information, see Supplementary Table 1. All
participants were over the age of 50, with year of birth
ranging from 1927 to 1962 and mean 1941 (to the nearest
year) (see Supplementary Information Table 2 and Figure
1b)).

C. Information Governance and Ethics

In this type of study, it is important to ensure
that privacy and information governance requirements are
fully considered and required approvals are obtained. The
Minder study protocol received ethics approval from the
London-Surrey Borders Research Ethics Committee then
South West London Ethics Committee1. The information
governance procedures have also been reviewed and ap-
proved by the Surrey and Borders NHS Trust information
governance committee2 and the Imperial College infor-
mation governance team3. We obtained informed written
consent from all the study participants. Each participant
was assessed according to Mental Capacity Act guide-
lines4 by a fully qualified researcher who has completed a
mandatory clinical practice course. Participants understood
the study and were able to understand the consent process.

D. In-home Monitoring Technologies

A range of Develco IoT devices5, deployed by
Howz6, were used to collect anonymized binary data
from the households of participants. All of the sensors
were Develco products. Movement data was collected
using a wall-mounted PIR Develco Mini Motion Sensor,
information on the opening and closing of the fridge
door collected using the Delveco Window Sensor, and
Develco Smart Plug Minis collected information on the
usage of appliances (kettle and oven) (see Figure 1c).
Exact placement of these sensors varied respectively with
the layout of individual households.

E. Experiments

In this section, we first describe a quantitative
analysis on a subset of households of PLWD conducted

1https://www.hra.nhs.uk/about-us/committees-and-services/res-and-
recs/search-research-ethics-committees/london-surrey-borders/

2https://www.sabp.nhs.uk/aboutus/policies/digital-
governance/infoGovPol

3https://www.imperial.ac.uk/admin-services/secretariat/college-
governance/charters/policies-regulations-and-codes-of-practice/policy-
framework/

4https://www.gov.uk/government/publications/mental-capacity-act-
code-of-practice

5https://www.develcoproducts.com/
6https://www.howz.com/

https://www.hra.nhs.uk/about-us/committees-and-services/res-and-recs/search-research-ethics-committees/london-surrey-borders/
https://www.hra.nhs.uk/about-us/committees-and-services/res-and-recs/search-research-ethics-committees/london-surrey-borders/
https://www.sabp.nhs.uk/aboutus/policies/digital-governance/infoGovPol
https://www.sabp.nhs.uk/aboutus/policies/digital-governance/infoGovPol
https://www.imperial.ac.uk/admin-services/secretariat/college-governance/charters/policies-regulations-and-codes-of-practice/policy-framework/
https://www.imperial.ac.uk/admin-services/secretariat/college-governance/charters/policies-regulations-and-codes-of-practice/policy-framework/
https://www.imperial.ac.uk/admin-services/secretariat/college-governance/charters/policies-regulations-and-codes-of-practice/policy-framework/
https://www.gov.uk/government/publications/mental-capacity-act-code-of-practice
https://www.gov.uk/government/publications/mental-capacity-act-code-of-practice
https://www.develcoproducts.com/
https://www.howz.com/
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Fig. 1: Study cohort description, home monitoring system, and study design: a) & b) Household occupancy, sex, and age
distributions; c) sensors contributing to the data reported in this study: wall-mounted passive infrared motion sensors,
a sensor on the fridge door, and smart plugs for the kitchen appliances (kettle and oven); and d) step-by-step workflow
illustrating study design.

to investigate the effect of the COVID-19 pandemic on
the kitchen activities of PLWD. We then report on the
development of an analytical approach by which to detect
changes in the in-home eating and drinking habits of
PLWD using kitchen activities as a proxy for eating and
drinking behaviours.

Investigating the Effect of the COVID-19 Pandemic
on In-home Eating and Drinking Habits: we report on
the acquisition and treatment of data used in this analysis.
We then describe the statistical tests conducted on the
processed data by which to quantify the effect of the
COVID-19 pandemic on the in-home eating and drinking
habits of PLWD.

Data Acquisition: the COVID-19 pandemic was used as a
natural experiment, with data being continuously collected
from 21 households of PLWD over a 499-day period from
the 1st of December 2019 to the 12th of April 2021, a
period inclusive of the three national UK lockdowns.24 Of
the 21 households, 5 PLWD were living alone (3 female
and 2 male) and the remaining 16 households had more
than one occupant (6 female and 10 male). In this subset
of participants, there was an age range of 72 to 92 years
old and mean age 80.0 years old. All households had a PIR
motion sensor, a fridge door sensor, a smart plug for the
kettle, and at least one smart plug for a toaster, microwave,

or oven appliance.
This study analyses kitchen activity levels at seven

progressive periods across a 17-month time-span. Each
period represents a specific stage of the COVID-19 pan-
demic in relation to the appearance of COVID-19 in the
UK and the successive measures put in place by the
UK government in response. A pre-COVID baseline was
derived from data collected prior to the first officially
recorded infections in the UK (P1). Period two (P2) defines
the time from the initial onset of COVID-19 in the UK up
to the first lockdown. The third, fifth, and seventh periods
(P3, P5, and P7) denote the first, second, and third UK
lockdowns, respectively. The relaxation period between
the first and second lockdowns is denoted by period four
(P4), while the period of relaxation with continued tier 4
level restrictions between the second and third lockdowns
is denoted by period six (P6). The complete timeline is as
follows:

• P1 - pre-COVID baseline (01/12/2019 - 30/01/2020)
• P2 - the onset of COVID-19 in the UK (31/01/2020

- 23/03/2020)
• P3 - first UK lockdown (24/03/2020 - 01/06/2020)
• P4 - relaxation (02/06/2020 - 05/11/2020)
• P5 - second UK lockdown (06/11/2020 - 02/12/2020)
• P6 - end of second lockdown but with continued

restrictions (03/12/2020 - 06/01/2021)
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• P7 - third UK lockdown (07/01/2021 - 12/04/2021)
All households had missing data between the dates

of 31/07/2020 and 03/08/2020 inclusive, due to a network
failure.

Data Pre-Processing: in our households, activity is trig-
gered and logged sparsely per event, with seconds pre-
cision and a 30 second delay. For our analyses, we use
an aggregate measure of kitchen activity. Mean household
kitchen activity is calculated based on the sum of mean
daily activity across the different kitchen sensors (see
Figure 3).

Our second analysis focused on kitchen activity
at different times of the day. For this, sensor activity is
re-sampled into four six-hourly periods (three daytime
periods: morning (06:00 - 12:00); afternoon (12:00 -
18:00); and evening (18:00 - 00:00), and one night-time
period (00:00 - 06:00)). Mean kitchen activity at each
time of day is then calculated based on the sum of mean
activity for that time of day across the different kitchen
sensors (see Figure 4). To remove interference from what
we already knew would be a significant effect of time of
day on kitchen activity levels, the mean kitchen activity
of each household is standardized across all households
by time of day.

Statistics: linear mixed-effects (LME) modelling, using the
R packages (lme4/lmerTest) in RStudio,25 was used to test
the relationship between the onset and progression of the
COVID-19 pandemic in the UK and kitchen activity. A
linear mixed model can be specified in matrix form as:

y = Xβ + Zu+ ϵ (1)

with y representing the outcome variable (in this
case, kitchen activity), β representing all fixed-effects
parameters, u the random effects, X the n x p design
matrix for the fixed-effects parameters, Z the n x q design
matrix for the random effects, and ϵ the residual effects.
We modelled the fixed effects of the pandemic periods,
home occupancy, and time of day alongside the random
effects associated with household heterogeneity. Unless
otherwise stated, we use standard significance reporting
(p < 0.0001 denoted as ***, p < 0.001 denoted as **, p
< 0.05 denoted as *, and p < 0.1 denoted as ·).

Developing a Markov Chain Model: we define an
anomaly as changes in behaviour that significantly deviate
from stable, predictable behavioural patterns. However, in
order to define an anomaly as such, we must first be able
to quantify regular behavioural patterns. We wanted to
discover patterns in the sequences of sensor recordings
in such a way as to be able to describe anomalous
behavioural patterns as significant deviations from stable,
predictable behaviour. The simplest Markov model is a
Markov Chain. A Markov chain describes a sequence of
possible transitions or changes of state of a system to
which are assigned a probability dependent only on the
state attained in the previous transition. Stochastic matrices

are square matrices describing these transitions and can be
used as behavioural patterns reflecting in-home activities.
From here on, we will refer to our stochastic matrices as
transition matrices.

In this study, due to the sequence of possible
transitions always occurring in the kitchen, the number of
sensor firings recorded by the PIR kitchen motion sensor
is very high, with kitchen-to-kitchen transitions being the
most frequently occurring transition. As such, to better
control the level of noise in the data, we chose to eliminate
kitchen-to-kitchen transitions from our transition matrices.
For the same reason, as the fridge door sensor recorded
both opened-to-closed and closed-to-opened transitions,
and as the latter transition was extremely likely to occur
sequentially from the former, we only included opened-
to-closed transitions. For any one transition matrix, we
have 16 transitions (see Figure 2): kitchen-to-kitchen
(which was always set to 0), kitchen-to-kettle, kitchen-to-
fridge, kitchen-to-oven, kettle-to-kitchen, kettle-to-kettle,
kettle-to-fridge, kettle-to-oven, fridge-to-kitchen, fridge-
to-kettle, fridge-to-fridge, fridge-to-oven, oven-to-kitchen,
oven-to-kettle, oven-to-fridge, and oven-to-oven. Our
transition matrices are right stochastic matrices, meaning
that the probabilities in each row sum to 1.

Algorithm Design: to extract transition matrices across
any period, we use a sliding window with a pre-set step
frequency (see Figure 2). For any point in time as defined
by the step frequency of the sliding window, these matrices
can be compared across the current window and that of
the baseline window, both of which could be altered to
allow for the most clinically relevant windows of time to
be examined (see Figure 2). Each transition probability is
derived from the sum of that transition divided by the sum
of the total number of transitions from that state, at a set
re-sampling rate, aggregated across both the current and
the baseline window.

The duration of the current window, baseline
window, and step, as well as the re-sampling frequency of
the transition matrices were curated by a trial-and-error
approach in which to select for smoothing that reduced
the effect of noise and highlighted important trends in the
dataset. Such an approach also allows us to mitigate the
effect of missing data.

Measuring Similarity: we use the Frobenius distance to
calculate a measure of similarity between any two matrices
(see Figure 2). The Frobenius distance is the square-root
of the sum of the squared distances between each of the
singular values of one matrix and their respective values in
another matrix (see Eq. 2). In this instance, the higher the
Frobenius distance, the greater the dissimilarity between
any two matrices, with the measure capped at 4 for each
matrix (the closer to 0, the more similar, and the closer to
4, the more dissimilar).

FD =

√∑
i,j

(aij − bij)2 (2)
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Fig. 2: Diagram of sliding window algorithm used to extract dissimilarity measures.

Proof-of-concept Study: to provide proof-of-concept for
this approach, we employed a retrospective analysis using
real-world data across 73 households of PLWD using a
case-by-case approach. For this study, we set the step
frequency of our sliding window to 1 day and the current
and baseline windows to 1 and 3 weeks, respectively.
Initial transition matrices were derived using an hourly re-
sampling rate. Time windows were chosen based on clin-
ical relevance, balancing the need to detect both episodic
and gradual changes.

III. RESULTS

A. Higher Activity Levels Within the Kitchen During the
Pandemic

Data was collected from a subset of 21 households
of PLWD between the 1st of December 2019 and the
12th of April 2021 using a passive infrared motion sensor,
a door sensor on the fridge door, and smart plugs for
the kitchen appliances (see Figure 1c). In total, over 2
million unique observations were recorded across 499
days. Changes in activity patterns were examined over
seven time periods: P1 - acted as a baseline for kitchen
activity (from the 1st of December 2019 to the 30th of
January 2020); P2 - the onset of COVID-19 in the UK
with the first infections being recorded (the 31st of January
2020 to the 23rd of March 2020); P3 - the introduction
of the first UK lockdown with a stay-at-home ruling
announced alongside measures such as social distancing
and self-isolation (the 24th of March 2020 to the 1st of

June 2020); P4 - relaxation of the first UK lockdown and
introduction of restrictions focused on local lockdowns
and remote working (the 2nd of June 2020 to the 5th of
November 2020); P5 - the second UK lockdown (the 6th
of November 2020 to the 2nd of December 2020); P6 -
relaxation of the second UK lockdown but with continued
Tier 4 level restrictions (the 3rd of December 2020 to the
6th of January 2021); and P7 - the third UK lockdown
(the 7th of January 2021 to the 12th of April 2021).

Mean household kitchen activity was calculated
based on the sum of mean daily activity across the
different kitchen sensors. We used LME modelling and
analysis of variance (ANOVA) to compare kitchen activity
between the pre-COVID baseline (P1) and the pandemic
periods (P2 - P7). Here, we report the t-statistics and the
ANOVA F-statistics, with p-values, as measures of the
difference between group means. All values are provided
to three significant figures. The onset of the COVID-
19 pandemic in the UK is associated with a significant
increase in kitchen activity (F(1,21) = 27.9***, Figure 3a).
The main effect of changes in activity due to COVID-
19 can be seen in both single and multiple occupancy
households (F(1,21) = 21.0***), but with no effect of
occupancy (F(1,21) = 2.25, p=0.149) and no interaction
between activity in the COVID-19 pandemic and oc-
cupancy (F(1,21) = 0.0257, p=0.874). A similar result
was observed when the pandemic periods were modelled
separately (see Figure 3b), with the main effect of COVID-
19 being a significant increase in kitchen activity from
P1 onwards (F(6,126) = 8.77***) but with no significant
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effect of occupancy(F(1,21) = 1.46, p = 0.240) and no
interaction between the mean kitchen activity across the
pandemic periods and household occupancy (F(6,126) =
0.622, p=0.712).

The change in kitchen activity between the pre-
COVID baseline (P1) and the pandemic periods (P2 - P7)
was also specific to the time of day, with a significant
interaction between COVID-19 and time of day (F(3,147)
= 3.62*). As expected, all four times of the day exhibited a
change in kitchen activity levels (see Figure 4a); however,
only the nighttime hours saw a significant change in
activity levels (t(147) = -2.90**). This interaction was also
seen when the pandemic periods were modelled separately
(F(18,567) = 2.74***). The daytime hours saw an initial
increase in the level of kitchen activity during the earlier
stages of the pandemic (P2 - P3) but activity began to
return to baseline levels in the later stages. Night-time
kitchen activity saw an initial increase (P3) followed by a
continuous decrease (past baseline) from P4 to P7, without
returning to baseline (see Figure 4b).

B. Transition Matrices as Behavioural Patterns

Having observed that a catastrophic event such
as the COVID-19 pandemic significantly affects kitchen
activity levels, we then set out to further investigate
whether such changes are reflected in the daily behavioural
patterns, with the aim being to develop an analytical
approach that can detect these changes.

Using kitchen activity data as a proxy, we derived
transition matrices as behavioural patterns reflecting in-
home eating and drinking habits throughout the day across
time. We then used the Frobenius distance to gauge a
measure of dissimilarity between subsequent transition
matrices. We then conducted retrospective analyses on all
73 households of PLWD.

Here, we present case studies from three
households of PLWD (all multiple occupancy) as a
proof-of-concept that our approach can be used to detect
changes in behaviours. For each case study, the measure
of dissimilarity is summed across each time of day (night,
morning, afternoon, and evening) as initially introduced
in Section 2.1, as we saw that there was a significant
interaction between time of day at this re-sampling rate
(6-hourly) and the trigger event (in the above case, the
COVID-19 pandemic). The measure of dissimilarity for
each time of day is capped at 4 x 6 hours = 24.

Case Study 1: we present the time series data from
a home of a PLWD in our COVID cohort subset
(see Figure 5). This study is also an exemplar of a
household experiencing sustained changes in behaviour.
For this household, transition matrices were extracted and
compared during the 17-month period from the 1st of
December 2019 to the 12th of April 2021, inclusive of
the three UK lockdowns. As can be observed in Figure 5,
the onset of each new period (as indicated on the figure)
is accompanied by an immediate increase in dissimilarity

across all times of day, suggesting a change in the
patterns of behaviour in the kitchen. Particularly for P2
- P4, following the initial dramatic increases around the
beginning of each period, dissimilarity begins to decrease
as time progresses before once again increasing at the
onset of a new period (see Figure 5). These results suggest
that the change in kitchen behaviours was sustained for
each period, respectively, with the household adapting
to the changing situation induced by the severity of
restrictions accompanying each period.

Case Study 2: the second case study focuses on a
home of a PLWD who experienced several successive
carer-verified changes in their eating and drinking habits.
As such, this case study is an exemplar of a household
experiencing cumulative changes. Transition matrices
were extracted and compared from the 13th of April 2021
onwards (post-COVID-19 pandemic). As can be seen in
Figure 6, dissimilarity in the kitchen behavioural patterns
increased in this household in June 2021, with the PLWD
being hospitalized mid-June due to dehydration. Our
algorithm suggests a change in behaviour before this
date, and the carer of this participant later confirmed
that the PLWD had experienced a change in their eating
and drinking habits prior to hospitalization. From the
beginning of August to the end of November 2021,
the PLWD experienced several health events in the
form of infections and was prescribed several courses
of antibiotics. Our results show dissimilarity is at its
lowest around this period of time. As antibiotics usually
have to be taken on an empty stomach (1 hour before
eating or 2 hours after), we hypothesize that this might
have led to more consistent eating and drinking habits.
Late November, the participant’s carer reported that the
PLWD had been struggling to sleep, snacking during
the night. This was then followed by reports of daytime
snacking and an increased appetite in the middle of
January 2022. As seen in Figure 6, around the dates these
changes in eating behaviours were observed, there is a
rapid increase in dissimilarity in the kitchen behavioural
patterns across all four periods of the day. As we saw in
case study 1, dissimilarity then begins to decrease, which
we interpret as the new behaviours being sustained. This
aligns with the PLWD experiencing continued episodes of
night-time snacking and increased appetite, respectively.
Across March 2022, the participant experienced several
episodes of high blood pressure, which we interpret as the
prolonged period of dissimilarity seen across this month
(see Figure 6). Finally, the PLWD began to experience
episodes of forgetfulness, particularly as regards to
mealtimes. This was reported around late April 2022 and
aligns with the sporadic changes in dissimilarity resulting
from our algorithm from this point on (see Figure 6).

Case Study 3: finally, we present the time series data of a
home of a PLWD who experienced several adverse health
events following a COVID diagnosis in the first week of
March 2022. As such, this case study provides an exemplar
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Fig. 3: Changes in mean kitchen activity during the pandemic according to household occupancy: a) mean kitchen
activity pre-COVID and during COVID; and b) mean kitchen activity across all the pandemic periods, respectively.

Fig. 4: Changes in mean kitchen activity during the pandemic during different times of the day: a-c) changes in kitchen
activity during daytime hours (morning (06:00-12:00), afternoon (12:00-18:00), and evening (18:00-00:00); and d)
change in kitchen activity during night-time hours (00:00-06:00).
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Fig. 5: Case study 1 time series data illustrating the output of the sliding window algorithm from a household of
a PLWD in the COVID cohort subset. Total dissimilarity is summed across each 6-hour period of the day (night,
morning, afternoon, and evening).

Fig. 6: Case study 2 time series data illustrating the output of the sliding window algorithm from a household of a
PLWD who experienced several succesive carer-verified changes in their eating and drinking habits. Total dissimilarity
is summed across each 6-hour period of the day (night, morning, afternoon, and evening).
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Fig. 7: Case study 3 time series data illustrating the output of the sliding window algorithm from a household of a
PLWD who experienced adverse health events following a COVID diagnosis. Total dissimilarity is summed across
each 6-hour period of the day (night, morning, afternoon, and evening).

of a household experiencing episodic changes. Again,
transition matrices were extracted and compared post the
COVID-19 pandemic. This participant regularly experi-
enced episodes of agitation accompanied by night-time
wandering and low mood accompanied by restlessness
during the day. This aligns with the relatively high levels
of dissimilarity, particularly at night-time, when compared
to the two previous case studies, that we observe in Figure
7. The PLWD had previously only experienced one health
event when they were briefly hospitalized after developing
pneumonia in August 2021 (see Figure 7). Around the time
of their COVID diagnosis, the PLWD was reported to have
experienced difficulty in moving around, which aligns with
the decrease in dissimilarity shortly after this time (see
Figure 7). We hypothesize that as the PLWD became less
mobile, their wandering and restlessness reduced, leading
to more consistent kitchen behaviours which we believe
to be reflecting the routine of the carer. Following on
from this event, the participant experienced a period of
confusion with loss of time mid-May, a period of low
blood pressure mid-June, and some further mobility issues
due to swollen ankles from mid-July. Correspondingly, we
see three narrow peaks indicating dramatic increases in the
dissimilarity of kitchen behavioural patterns around these
dates (see Figure 7).

IV. DISCUSSION

We used passive in-home monitoring data to con-
duct retrospective analyses on 73 households of PLWD.
Over 5 million unique observations were collected from
the 1st of December 2020 to the 31st of August 2022,
providing a unique opportunity to monitor the behavioural
patterns of this vulnerable population over an extended
period of time.

We first investigated the effect of the COVID-19
pandemic on the in-home kitchen activity of 21 households
of PLWD, from which nearly 2 million unique obser-
vations were collected across nearly 500 days. In-home
kitchen activity levels increased observably during daytime
hours (morning (06:00 - 12:00), afternoon (12:00 - 18:00),
and evening (18:00 - 00:00)) but decreased significantly
during night-time hours (00:00 - 06:00) across households
following a declaration from the World Health Organi-
sation that COVID-19 was a Public Health Emergency of
International Concern. This change preceded the introduc-
tion of the first stay-at-home ruling in the UK, suggesting
that PLWD proactively changed their behaviour prior to
the onset of public health restrictions.

Investigating the effects of changes such as those
that occurred due to the implementation of COVID-19
related restrictions is important for several reasons. PLWD
are among the most clinically vulnerable patient group in
the population. They have a higher rate of hospitalization
in comparison to age-matched healthy controls, particu-
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larly for preventable adverse health conditions such as
malnutrition and dehydration.26 Yet, they have a reduced
tendency to consult with healthcare professionals.27 This
work allows us to understand how well vulnerable popu-
lations, such as PLWD, adapt to both internal and external
changes.

Using COVID-19 as a natural experiment, this
study provided a way to measure the effects of such
an event on household activity at a quantitative level.
Here, we provide a descriptive analysis by which to better
understand previous statements in literature as regards the
effects of pandemic quarantining on the in-home eating
and drinking habits of PLWD. The strong correspondence
between changes in kitchen activity and the onset of
public health measures in the UK illustrates a distinct
change in kitchen-related behaviours. However, it should
be noted that our quantitative measures are based on proxy
kitchen movement and appliance use activities. While
these observation and measurement data do not reflect the
complete picture of in-home eating and drinking habits,
the continuous and relatively long period of data collection
does provide a unique opportunity to analyse the changes
in patterns of related activities.

In this paper, we also present a novel analytical
approach by which we might proactively detect changes in
the behaviours of PLWD. We derived transition probabil-
ities of a Markov chain of kitchen activity as behavioural
patterns reflecting in-home eating and drinking habits
throughout the day and used a dissimilarity measure to
compare between subsequent transition matrices across
time. Initial findings from the case studies presented show
that, when applied to real-world data, our approach can
detect sustained, cumulative, and episodic changes in
behaviour.

By designing an algorithm that can be manually
tuned to search through clinically relevant windows, we
have laid the foundation for a ’Glass Box’ approach to
anomaly detection that is generalizable across any cohort.
Furthermore, this method also allows anomaly detection
to be patient specific. Our algorithm was applied to each
household individually, meaning we are able to derive
unique behavioural profiles that allowed us to quantita-
tively define stable behavioural patterns as those that lay
within the range of natural variation in dissimilarity for
any household.

V. CONCLUSIONS AND FUTURE DIRECTIONS

To summarize, the results of this study further
demonstrate the utility of remote data collection using IoT
technologies, showing that remote monitoring data can be
an effective proxy by which to study behaviours that can-
not be directly measured, while allowing PLWD to remain
in the comfort of their own homes. Our work expanded on
the capabilities of in-home monitoring devices to identify
changes in the behavioural patterns of PLWD and provide
quantifiable information about potential health concerns
within a vulnerable population.

In addition, we provide a proof-of-concept for
an explainable analytical approach that might be used
for patient-specific anomaly detection in the eating and
drinking habits of PLWD at home and is also applicable
to other adverse health events and long-term health con-
ditions. Future work will involve deploying this approach
in the Minder platform to raise alerts for tipping points
in household behaviour that can then be carer-validated.
We would further measure the usefulness of this algorithm
qualitatively by collecting feedback on these alerts from
the monitoring team, making any necessary adjustments
according to this information. We will also work to ex-
pand our algorithm to include information from sensors
throughout the household.

Providing means to objectively quantify changes
in activity patterns will provide a valuable aspect of
inspecting the health and well-being of individual PLWD
in a meaningful automated way. This strategy can signif-
icantly enhance our capacity to augment the provision of
personalized dementia care.

VI. CODE AND DATA AVAILABILITY

Code has been made publicly available
at: https://github.com/NVFL/Markov-Chain-Model.
Anonymized data has been made publicly available at:
https://github.com/NVFL/Markov-Chain-Model.
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