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Explaining Habits and Changes of Activities
in Smart Homes

Hadi Banaee and Gibson Chimamiwa and Marjan Alirezaie and Amy Loutfi 1

Abstract. Early cognitive deterioration can emerge in the form of
changes in the daily habits and there is a need to go beyond ac-
tivity recognition for recognising habits and detecting changes in
smart homes. In this paper, we propose a system composed of: 1)
data-driven habit recognition, 2) change detection in the trends of
habits, and 3) linguistic descriptions of both habits and changes. Our
habit recognition approach relies on both attribute-based analysis and
association-based analysis. The generated outputs of the habit recog-
nition and change detection are finally interpreted in linguistic de-
scriptions for the end users of the system.

1 INTRODUCTION

Patient monitoring and care in a home setting using distributed sen-
sors coupled with AI methods can be a powerful tool not only for
timely intervention but also for prevention. Consider for example the
case of mild cognitive impairments (MCI). Often the detection of
MCI is witnessed by changes in specific habits when performing cer-
tain activities [5]. Specifically, for people with dementia, changes in
habits may signify cognitive decline along different stages of the dis-
ease [4] [10]. The Global Deterioration Scale [17] provides a detailed
description of the various characteristics that may start to emerge
across different stages of dementia (from stage 1 to 7). As the patient
moves from early-stage to late-stage dementia, habit changes related
to the frequency, duration, location, or times at which the activities
are performed may begin to surface [16]. Such changes may include
forgetting to have lunch or taking lunch repeatedly, interrupted sleep-
ing pattern at night or frequent use of the bathroom.

In this paper, the focus is not on the activity recognition per se, but
the additional steps to augment the interpretation of the data from the
activity recognition module to a habit recognition module in a data-
driven way [8]. We utilise the activity recognition method developed
within the E-care@home project [3] [2]. We further present two con-
tributions whereby the system is able to 1) capture habits according
to the duration and frequency of activities as well as temporal associ-
ations between activities, along with detecting changes in the recent
trends of the activities, and 2) articulate the occurrence of such habits
and/or changes of habits using natural language generation [6]. The
aim is to leverage from AI methods in order to go beyond activity
recognition in a home with distributed and pervasive sensors in or-
der to provide a basis for early prevention and detection of health
deterioration.
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1.1 Related work

Habit recognition and change detection: Habit recognition from
user activities (e.g., cooking, eating, or drinking) has been investi-
gated for tracking personality traits [15]. The sequence and dura-
tion of activities are represented in the form of signals using Fourier
series. K-means method is then applied to cluster different signals
known as habits. Data mining methods have also been applied to
discover user habits from frequent sequences of activities such as
waking up, using toilet, or having breakfast [21]. In smart homes for
elderly people, change detection has also been a focus in order to
detect a threat to the user’s health and safety [11]. Various machine
learning methods have been applied to detect changes such as having
breakfast at 9 AM instead of the usual 7 AM, or to detect the un-
usual absence of doing physical exercises. Residual techniques have
been applied in extracting changes in behaviour such as eating more
frequently, forgetting to wash the dishes, or visiting the toilet more
frequently [21]. The state of the art considers either habit recognition
approaches for personal profiling, or to identify (mostly rule-based)
changes in current activities regardless of the historical patterns.

Natural language generation: The proposed NLG component in
this paper seeks to map the numeric outputs of the habit recognition
and change detection into linguistic descriptions. Natural Language
Generation (NLG) is one technique whereby natural linguistic de-
scriptions are generated from non-linguistic information [19]. NLG
has been used in various healthcare and medical applications [6]. One
example is the BabyTalk project that aims to summarise clinical pa-
tient records [12]. Most of developed NLG systems using physio-
logical data have relied on intuitive data analysis techniques which
are based on expert knowledge to retrieve events and not temporal
patterns in long-term activities.

1.2 Smart home dataset - Ecare@Home

The data used in this paper is based on the open data sets from the
Ecare@Home project [13]. To implement habit recognition, the data
is acquired during 10 days where user labelled main activities (for
ground truth comparison) include activities such as resting, sitting,
cooking, eating, watching TV, and using bathroom. Several indoor
sensors were used to collect the data: pressure sensor for monitor-
ing resting and sitting, motion sensor for the presence in bathroom,
kitchen or living room, and luminosity sensor to monitor cooking or
watching TV [3]. Figure 1 shows an example of activities during 24h
sample data. For the phase of habit recognition, the first 8 days of the
data is used, and then the last two days are used to detect the possible
changes.



Figure 1: Graphical presentation of activities during a 24h period.

1.3 System overview

The proposed system consists of three linked components: 1) data-
driven habit recognition, 2) change detection of trends, and 3) lin-
guistic descriptions of habits and changes. Each of these components
is associated with two analysis processes: (a) univariate temporal at-
tribute as the statistical information of individual activities such as
the duration and frequency of occurrences, and (b) temporal asso-
ciations between activities such as co-occurrences of the activities.
The former process is called attribute-based analysis, and the latter
is called association-based analysis.

The three linked components of habit recognition, change de-
tection, and linguistic descriptions are described in detail in Sec-
tions 2, 3, and 4, respectively.

2 DATA-DRIVEN HABIT RECOGNITION

This section describes the data-driven approaches to recognise
the habits in the activities. The approaches focus on temporal
attribute-based analysis to capture statistical parameters, and tem-
poral association-based analysis to generate new rules from the co-
occurrence of the activities as associative habits.

2.1 Attribute-based habit recognition

To capture habits, attribute-based habit recognition is a data-driven
module that extracts several temporal attributes of data reflecting sta-
tistical descriptions of how and when the user is involved in differ-
ent daily activities. Three attribute-based analyses have been imple-
mented to capture the duration and frequency attributes. To define
these attributes, dur is the duration of each activity, freq is the num-
ber of times an activity occurs in a given time period, and n is the
number of days within the monitoring period.

Attribute 1: Average duration is the average of an activity dura-
tion within the monitoring period. The average duration for activity

α in day i is calculated as: durα,i =
( freqα,i∑

j=1

durα,i,j
)/
freqα,i.

Given the daily average of the durations, the overall average of the

durations will be: durα = (
n∑
i=1

durα,i)
/
n.

Table 1 shows results of the average duration for four selected ac-
tivities resting, using bathroom, cooking and eating.

Attribute 2: Average frequency per day is the average of the
frequency of an activity in each day. If the frequency of the activity
α in day i is freqα,i, then the average frequency of α is calculated

as: freqα = (
n∑
i=1

freqα,i)
/
n.

Attribute 3: Average frequency per time of day is the average
of an activity frequency in each labelled time of day (e.g., noon, af-
ternoon, etc.). If freqα,β,i indicates the frequency of activity α at
time interval β for day i, then the overall average of the frequency

per time of day is calculated as: (
n∑
n=1

freqα,β,i)
/
n.

2.2 Association-based habit recognition

Another data-driven approach to capture more complex habits is to
consider temporal associations between the acquired activities. This
approach uses automatic rule generation methods for sequential data
(i.e. the sequence of activities in a day) to mine qualitative rules
as habits. A possible example of such association-based habits can
be the co-occurrence of multiple activities, e.g., the user is usually
watching TV while eating.

Temporal association rule mining Suppose I={i1,· · · , im} is a
set of items (e.g. all possible activities), and D={d1,· · · , dN} is a
transactional database with N transactions (e.g. all the subsets of
sequential activities that happened). The standard association rule
mining provides a set of rules in the form of A⇒B. In this rule,
A is antecedent and B is the consequent, which are disjoint item-
sets. Generally, a rule like A⇒B means if the items of A occur in a
transaction di, then the items of B also will plausibly appear in di.
Typical measures to show the strength of a rule are support (sup) and
confidence (conf). Support of a rule shows how often the itemsets of
the rule occur in the database. Confidence of rule A⇒B determines
how frequently the itemset B occurs in transactions which contain
itemset A. The values of minsup and minconf are specified given by
the user as the thresholds for meaningful rules.

Several versions of association rule mining algorithms have been
introduced to deal with sequential items in order to give temporal
rules [14]. These algorithms adapt the definition of elements in as-
sociation rules based on the time-stamped data to involve temporal
constraints between the antecedent and the consequent of a rule. As
in the case of A T

=⇒ B, which intends “If A happens, B will happen
within time T ” [9]. For association rule mining of temporal data, the
set of items I is defined by all possible annotated activities. Then,
all the subset of sequential activities with their temporal relations are
added to the set of transactions. For instance, suppose p and q are
two activities in the itemset. To extract a rule wherein p and q occur
at the same time, all pairs of dk : (p, q) with the ‘equal’ operation
should be added to the set of transactions D, and then, association
rule mining algorithm can be applied on the provided transactions
D and items I . The output of rule mining is a set of temporal rules,
where each rule ri : A

ρ
=⇒ B represents the repetitive relation of

itemsets A and B along the temporal operation ρ.

Temporal rules as association-based habits: For the activities
in the E-care@home database, the itemset I is defined by all the
individual activity types that have been observed within the moni-
toring period. The Apriori algorithm [1] is employed as an efficient
approach for association rule mining. In our approach, the tempo-
ral relations of the activities are specified by adding the associative
activities as a single itemset to D. Then, the Apriori algorithm is
applied with an adapted set of transactions Dρ including temporal
relations. Three temporal relations between two activities p and q are
considered: ‘p equals q’, ‘p before q’, and ‘p after q’. For example,
if the patient starts activity eating just after finishing activity resting,
a transaction of (resting, eating) is added to Dafter .



Table 1: Habits and trends for average duration and average frequency per day of activities (attributes 1&2).

resting using bathroom cooking eating

habit trend habit trend habit trend habit trend

average duration 6h:15m 4h:29m 5m:8s 4m:44s 17m:15s 12m:28s 21m:38s 5m:30s
average frequency per day 2 0 9 8 2 1 2 2

Table 2: Habits and trends for average frequency per time of day (at-
tribute 3).

resting using bathroom cooking eating

habit trend habit trend habit trend habit trend

midnight 1.12 0.5 1.12 0.5 0 0 0 0
early morning 1 0.5 0 0 0 0 0 0
morning 1 0.5 1.5 3 0.25 0 0.5 0
noon 0.50 0 1.75 0 0.62 0 0.62 0
afternoon 0.12 0 1.62 0 0.12 0 0.37 0
evening 0.12 0 1.12 3 0.25 0.5 0.50 0
night 0.37 0 1.87 1 0.62 1 0.37 1.5

Using the defined set of temporal transactions and the set of items,
the generated rule is formulated as: r : A

ρ
=⇒ B, where the antecedent

(A) and consequent (B) can be any pair of p and q co-occurring inDρ.
The rule r also expresses additional information of temporal relation
ρ between p and q, where ρ ∈ { ‘equal’, ‘before’, ‘after’}. Applying
the Apriori algorithm with accurate values for minsup and minconf
leads to a set of temporal rules that consists of the association-based
habits from the sequential activities. Table 3 shows a selected number
of temporal rules from the rule mining approach as association-based
habits.

Table 3: Habits and trends from association-based rule mining.

ρ sup conf

habit trend habit trend habit trend

r1: eating
ρ
=⇒ resting equal - 0.1 - 0.5 -

r2: eating
ρ
=⇒ using bathroom after after 0.08 0.06 0.7 1

r3: resting
ρ
=⇒ using bathroom after after 0.17 0.13 0.93 0.1

3 CHANGE DETECTION IN RECENT TRENDS
Change detection in the trends of habits compares the recent short-
term trends of activities with the long-term recognised habits. Af-
ter recognising the habits on a long-term acquired data, the same
approaches from two analysis processes of attribute-based and
association-based are applied to the recent data (i.e., the last two
days) to detect the possible changes in the trends of the same habits.

3.1 Attribution-based changes
Three attribute-based methods that have been presented in Sec-
tion 2.1 are applied to the recent days of activities, and the detected
changes are considered as potential signs of cognitive decline.

Changes in the duration and frequency per day: For two at-
tributes average duration and average frequency per day, the calcu-
lated averages from the habits and the recent trends are compared. By
comparing the average duration values, we can detect the changes
in how long an activity occurs. For instance, an increase in the av-
erage duration of resting may indicate the later stages of dementia

associated with increased body weariness. Likewise, by comparing
the average frequency per day values, we can detect the changes in
how often an activity occurs. For example, a noticeable increase in
the frequency of eating may signal a problem of forgetfulness where
people with dementia may eat repeatedly. The output of the trends
for the first two attributes is shown in Table 1. We can also compare
the changes of both attributes per each activity to get more insights
from the results. For example, cooking occurs less frequent than be-
fore and also has shorter duration. However, for eating, although the
frequency is the same, the duration is shorter than before.

Changes in the frequency per time of day: For attribute aver-
age frequency per time of day, the occurrence of activity at different
times of day are compared. Significant changes are defined as either
the absence of a habit in the recent trends (e.g., not resting anymore
during noon and afternoon), or the emergence of an activity that has
not been recognised as a habit (e.g., eating at late night recently).
Computing the average frequency per time of day can help to deter-
mine if the user performs activities at regular intervals, which in turn
can be used to detect possible signs of cognitive decline. As an exam-
ple, a reduction in the average frequency of eating at a certain time of
the day (e.g., noon) may indicate that the patient is forgetting to have
lunch. The output of the trends for this attribute is shown in Table 2.
As shown in the table, some activities have changes in the frequency
of occurrence per day time. For example, using bathroom occurs less
frequent during the midnights, noons, afternoons, and nights, but it
occurs more often in the mornings and evenings.

3.2 Association-based changes
The same temporal rule mining approach that has been described in
Section 2.2 is applied to a selected period of activity. In this case,
changes in the recognised association-based habit (i.e., rule) are de-
fined by investigating: 1) whether a rule has occurred again in recent
days or not, and 2) if it occurs again, to what extend the values of
support and confidence are changed.

To detect the changes, the approach first checks if the same rules
(same antecedent A, same consequent B, and same relation ρ) in the
habits has occurred again in the recent trends, and then compares
their corresponding supports and confidences to describe detailed
changes. Table 3 shows sample output of temporal rule mining for
the recent days of data. As shown in the table, a rule may not occur
during recent days, or occurs but with different values of support and
confidence. For example, rule r3 occurs recently as well, but with
lower support and confidence.

3.3 Changes in habits and dementia stages
Tables 1, 2 and 3, show a general reduction in the average duration
and frequency of the user’s habits. Reduction in sleeping duration
for people with dementia is associated with cognitive decline [7]. In
addition, hunger as a result of forgetting to eat can keep a person
awake, thus reducing the duration of sleeping [20]. According to the
Global Deterioration Scale (GDS) [17], the problem of forgetfulness
occurs at Stage 2 and 3 of dementia. Tables 1 and 2 show a decline



in both the average duration of eating per day and the average fre-
quency of eating per time of day (except at night). For instance, there
is a sudden decrease in the duration of eating. Despite the reduction
in eating duration, the user still eats two times per day. Such changes
may indicate a problem of anxiety, linked to Stage 6 [17], where peo-
ple with dementia experience difficulties in concentrating on specific
tasks, resulting in uncompleted activities.

The absence of cooking and/or eating in the morning, noon, and
afternoon, may indicate signs of depression (Stage 5) due to certain
physical or psychological stresses experienced during those times.
For example, a patient who used to work or socialising during the
day may become depressed when she or he is unable to continue
with those activities. Even though the cooking habit is maintained
(e.g., in the evening), a person with dementia may still forget to eat
due to the problem of forgetfulness (Stage 2 or 3). The table also in-
dicates an increase in the frequency of cooking and eating at night
than during the day. The reason might be that at night the patient is
used to being at home, resulting in less depression as the individual
is more relaxed. The average frequency of eating at night quadru-
pled from 0.37 to 1.5. Incidentally, the average frequency of visiting
the bathroom in the morning also doubled from 1.5 to 3. Although
this might be interpreted as causality between eating and using the
bathroom, however for people with dementia, this might be a sign of
incontinence, linked to Stages 6 and 7 of the disease.

4 LINGUISTIC DESCRIPTIONS FOR HABITS
AND TRENDS

NLG systems are designed to recognise the significance of informa-
tion, and then to generate linguistic descriptions in an understand-
able way [18]. This process usually includes the data analysis and
content determination as well as document planning, micro-planning
and realisation tasks. The focus of this work is on content determi-
nation task to characterise the main linguistic elements to describe
the habits and changes in their trends. This task employs various de-
veloped methods for linguistic descriptions (i.e., fuzzy set theory) to
ease the process of quantifying extracted habits and trends, and infer
the proper linguistic terms.

4.1 Linguistic descriptions for attribute-based
habits and changes

According to the presented attributes in Section 2.1, the attributes de-
scribe the average values for various parameters (i.e., duration, fre-
quency per day, and frequency per time of day) in both habits and
trends. The following are the employed linguistic terms to convert
numeric values of attribute-based habits and changes (shown in Ta-
bles 1 and 2) to linguistic descriptions:

– the linguistic terms employed to reflect average values are gener-
ally, normally, usually, and on average.

– the actual values of the attributes are presented as they are to pre-
cisely reflect the quantity of calculated averages.

The linked information of changes in the attribute-based values of
the trends is presented in a complement clause. Depending on the
significance of the changes, different terms are employed as follows:

– if the change is considerable, the conjunction is set to however.
– if the changes are positive, the verbs are: increasing, going up,

rising, doing more often, etc., and if the changes are negative, the
verbs are: decreasing, going down, falling, doing less often, etc.

– if the change is major, the adverbs are: significantly, considerably,
dramatically, etc., and if the change is minor, the employed ad-
verbs are: slightly, steadily, a bit, etc.

– if a new habit appears or disappears in the recent trends, the terms
starting or stopping to do activity are used.

Table 4 shows the linguistic descriptions generated for attribute-
based habit and changes in the trends. For each activity, the recog-
nised habits and the possible detected changes for attributes 1, 2 and
3 are explained in separate lines of the text, respectively.

4.2 Linguistic descriptions for association-based
habits and changes

The significant tasks in temporal rule description is to realise the
form of temporal relation in the provided numeric rules (shown in
Table 3). The linguistic demonstration of the temporal relation be-
tween the antecedent and consequent of a rule is provided in the form
of [if-A, ρ, then-B] or [when-A, ρ, B] templates by employing a vari-
ety of expert knowledge. Following are the relevant linguistic terms
employed for the association-based habits (i.e., temporal rules):

– if ρ is equal, the terms are: at the same time, simultaneously, etc.
– if ρ is after, the terms are: after that, later, afterwards, etc.
– if ρ is before, the terms are: before that, earlier, etc.
– if the confidence is low, medium, or high, typical terms are: some-

times, most of the times, and always, respectively.

The linked information to explain the changes in the association-
based values of the recent trends are presented in a complement
clause. Depending on the occurrence of the rule in recent days, or
the significance of the changes in support and confidence values, dif-
ferent terms are employed, as follows:

– if the temporal rule does not occur in recent data, the linguistic
conjunction is set to however, and the phrase not occur again is
added.

– if the same temporal rule occurred but with different support and
confidence values, the extra linguistic conjunction is set to but fol-
lowing an extra complement clause.

– if the confidence is lower or higher, the term will be: less often and
more often, respectively.

Table 5 shows the linguistic descriptions for the association-based
habits and their corresponding detected changes, shown in Table 3.

5 CONCLUSIONS
In this paper, we introduced the basis of a system required to recog-
nise changes in daily habits in order to assist in early prevention and
detection of health deterioration. The captured habits and changes
are articulated in linguistic descriptions to ease the interpretation of
the numeric changes for both caregivers and patients. These tasks
have been elaborated in three linked components of 1) data-driven
habit recognition, 2) change detection in the trends of habits, and 3)
linguistic descriptions of both habits and changes.

As the next step, we will focus on a thorough evaluation of the en-
tire system by deploying it in a more real-world setting, and assessing
the informativeness of both detected changes and linguistic descrip-
tions generated for different types of end-users. The next extension of
the work will be towards automating the process of knowledge model
instantiation. The habit recognition module can pave the way towards
automated personalisation by populating the knowledge model with
the habits of a specific user in the form of data-driven rules.



Table 4: Sample output of linguistic descriptions for attribute-based habits and their trends on selected activities: resting and using bathroom.

Activity Attribute-based linguistic descriptions

resting: – Each resting normally takes 6 hours and 15 minutes. However, for the last couple of days, it goes slightly down to 4
hours and 29 minutes.
– On average, the patient rests two times per day. However, lately, it decreases significantly to zero times per day.
– Generally, she rests during midnights, and during early mornings, mornings and noons. However, recently, she starts
to do this activity less often during midnights, and during early mornings, mornings and noons.

using bathroom: – Each use of bathroom generally takes 5 minutes.
– On average, the patient uses the bathroom nine times per day.
– Mostly, she uses the bathroom throughout the day except during the early mornings. However, for the last couple of
days, she starts to do this activity more often during mornings and during evenings.

eating: – Each eating generally takes 21 minutes. However, recently, it decreases significantly to 5 minutes.
– On average, the patient eats on the chair, two times per day.
– Generally, the patient eats on the chair during mornings, noons and evenings. However, recently, she starts to do
this activity more often during nights.

Table 5: Sample output of linguistic descriptions for association-based habits and their trends on extracted rules.

Rule Association-based linguistic descriptions

r1: eating
ρ
=⇒ resting

habit (equal, 0.1, 0.5): Sometimes, when the patient eats on the chair, at the same time, she rests.
trend (-, -, -): However, for the last couple of days, this habit does not occur again.

r2: eating
ρ
=⇒ using bathroom

habit (after, 0.08, 0.7): Most of the time, when the patient eats on the chair, after that, she uses the bathroom.
trend (after, 0.06, 1.0): Also, recently, this habit occurs again. But, the patient uses bathroom more often, after eating.

r3: resting
ρ
=⇒ using bathroom

habit (after, 0.17, 0.93): Always, when the patient rests , after that, she uses the bathroom.
trend (after, 0.13, 0.1): However, recently, this habit occurs less often. Also, she uses bathroom rarely, after resting.
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and Amy Loutfi, ‘Towards habit recognition in smart homes for people
with dementia’, in European Conference on Ambient Intelligence, pp.
363–369. Springer, (2019).

[9] Gautam Das, King-Ip Lin, Heikki Mannila, Gopal Renganathan, and
Padhraic Smyth, ‘Rule discovery from time series.’, in KDD, vol-
ume 98, pp. 16–22, (1998).

[10] Chhavi Dhiman and Dinesh Kumar Vishwakarma, ‘A review of state-
of-the-art techniques for abnormal human activity recognition’, Engi-
neering Applications of Artificial Intelligence, 77, 21–45, (2019).

[11] Giovanni Diraco, Alessandro Leone, and Pietro Siciliano, ‘Ai-based
early change detection in smart living environments’, Sensors, 19(16),
3549, (2019).

[12] James Hunter, Yvonne Freer, Albert Gatt, Ehud Reiter, Somayajulu
Sripada, and Cindy Sykes, ‘Automatic generation of natural language
nursing shift summaries in neonatal intensive care: Bt-nurse’, Artificial
intelligence in medicine, 56(3), 157–172, (2012).
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