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Abstract. The automatic detection of behavioral changes in older
adults living in geriatric centers is relevant for physicians and caregivers.
These changes could indicate an incipient symptom of a disease or a
steep decline in the health of the person. Abnormal pattern discovery
has been studied in the context of an array of (wearable) sensors (i.e.
accelerometers, infrared, cameras, etc.) dedicated to monitor the older
adult. In this work we explore the use of manually annotated records,
the type of records maintained by caregivers in a daily log. These anno-
tations have low semantic value, and consist in a sequence of keywords
about the activity being carried out by the older adult. This information
is often overseen because it could be noisy, incomplete and redundant.
We tested a data-driven approach to identify patterns from daily activ-
ity records, which were collected over six months from a group of older
adults in a geriatric center. The results show that through simple data
processing techniques it is posible to identify abnormal patterns in daily
activities associated with behavioral changes over time.

Keywords: Low quality annotations · Behaviour-aware · Abnormal
patterns · Older adults

1 Introduction

It has been demonstrated that daily activities of older adults are indicators of
their well-being [1]. In geriatric centers, all the staff (specially the caregivers)
keep an activity log [2] of every resident. Usually, caregivers are not aware of the
full history of every individual resident, due to the change of personnel during
shifts and other factors. In the activity log only local changes are recorded (in
other words, only things happening within a shift are recorded) and the caregiver
of the next shift will not review previous annotations.

This type or records may have an arbitrary level of detail; they have
predefined fields with keywords as well as a free text section for comments.
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The predefined keys are not very informative. It is clear that records from a
dedicated array of sensors will have more predictive power but also they can be
noisy, incomplete and of of low semantic quality. However, manually annotated
records have more coverage. Manually annotated activity logs are used by caring
institutions in case of a lawsuit or to satisfy a request from the family of the
elder. A larger number of institutions will have at least this [3].

We explore a couple of data-driven techniques which will classify the days as
normal, or abnormal (three levels of abnormality). This will help caregivers to
be aware of the needs of the residents (for example if one resident had a severe
abnormal day; she could exert a greater degree of detail in attending the resident
the current day). We acknowledge that the needs of older adults change over time
and depend on the conditions they suffer. The data used is anonymized (although
grouped by person) and does not compromise the privacy of the resident due to
the low semantic value of the data recorded.

2 Related Work

Nowadays context-aware computing is evolving towards behavior-aware comput-
ing [4]. Even in the field there is not a precise and unique definition for behavior,
the research is oriented towards estimating and anticipating people’s behavior
using an adhoc definition. Older adults are not the exception. In the literature,
several authors have investigated how to identify patterns among elders’ activi-
ties [5]. In [6] behaviors, actions and manners of patients with cognitive impair-
ment can be amended when persuasive and pervasive technologies are designed
based on identified patterns. Promising results were obtained with the combina-
tion of sensor and medical data using several techniques to determine the level
of well-being in older adults while performing their daily activities [7]. In all
the works above, the focus is on the use of sensors and leave out human obser-
vations, for instance, those made by caregivers or physicians. In this work, we
propose to incorporate these observations to explain the context around detected
abnormalities.

The elder’s daily activities are a good tool to monitor the elder’s decline [8].
In [9], a Markov Chains Model (MCM) was used to classify abnormal sequences
of activity data. Video [10] and audio [11] data sources, as well as sensors [12],
have been studied to detect abnormal behaviors using different machine learning
techniques. The objective of these approaches is the integration into any assistive
technology for elders [13]. Our contribution is a data driven technique able to
include warnings inferred from manual annotated logs as part of the care system
of a geriatric residence.

3 Searching for Behavioral Patterns

In geriatric centers, the caregivers, physicians, nurses, and managers keep man-
ual logs with general information related to older adults. Records of their daily
activities are included in these logs. Another usual approach is the installation of
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<entry id=“e569”>
<timestamp>2012-07-21
00:12:19</timestamp>
<caregiver>Caregiver 4</caregiver>
<resident>Resident 4</resident>
<activity name=“Mood”>
<description>Annoyed</description>
</activity>
</entry>
<entry id=“e570”>
<timestamp>2012-07-21
00:20:31</timestamp>
<caregiver>Caregiver 4</caregiver>
<resident>Resident 10</resident>
<activity name=“Toilet”>
<description />
</activity>
</entry>
<entry id=“e571”>
<timestamp>2012-07-21
00:21:03</timestamp>
<caregiver>Caregiver 4</caregiver>
<resident>Resident 10</resident>
<activity name=“Hygiene”>
<hygiene>Teeth</hygiene>
<hygiene>Face</hygiene>
<hygiene>Hands</hygiene>
<hygiene>Clothes</hygiene>
<hygiene>Appearance</hygiene>
</activity>
</entry>
<entry id=“e574”>
<timestamp>2012-07-21
01:20:58</timestamp>
<caregiver>Caregiver 3</caregiver>
<resident>Resident 4</resident>
<activity name=“Medical attention”>
<description />
</activity>
</entry>
<entry id=“e585”>
<timestamp>2012-07-21
01:41:28</timestamp>
<caregiver>Caregiver 3</caregiver>
<resident>Resident 6</resident>
<activity name=“Outside”>
<description />
</activity>
</entry>

<entry id=“e569”>
<timestamp>2012-07-21
00:12:19</timestamp>
<caregiver>Caregiver 4</caregiver>
<resident>Resident 4</resident>
<activity name=“Mood”>
<description>Annoyed</description>
</activity>
</entry>
<entry id=“e570”>
<timestamp>2012-07-21
00:20:31</timestamp>
<caregiver>Caregiver 4</caregiver>
<resident>Resident 10</resident>
<activity name=“Toilet”>
<description />
</activity>
</entry>
<entry id=“e571”>
<timestamp>2012-07-21
00:21:03</timestamp>
<caregiver>Caregiver 4</caregiver>
<resident>Resident 10</resident>
<activity name=“Hygiene”>
<hygiene>Teeth</hygiene>
<hygiene>Face</hygiene>
<hygiene>Hands</hygiene>
<hygiene>Clothes</hygiene>
<hygiene>Appearance</hygiene>
</activity>
</entry>
<entry id=“e574”>
<timestamp>2012-07-21
01:20:58</timestamp>
<caregiver>Caregiver 3</caregiver>
<resident>Resident 4</resident>
<activity name=“Medical attention”>
<description />
</activity>
</entry>
<entry id=“e585”>
<timestamp>2012-07-21
01:41:28</timestamp>
<caregiver>Caregiver 3</caregiver>
<resident>Resident 6</resident>
<activity name=“Outside”>
<description />
</activity>
</entry>

<entry id=“e535”>
<timestamp>2012-07-20
15:34:45</timestamp>
<caregiver>Caregiver 1</caregiver>
<resident>Resident 3</resident>
<activity name=“Vitals”>
<Temperature>36</Temperature>
<HighBP>130</HighBP>
<LowBP>85</LowBP>
<Pulse>67</Pulse>
<Breath>22</Breath>
<Glucose />
<Weight />
</activity>
</entry>

<entry id=“e567”>
<timestamp>2012-07-20
23:52:08</timestamp>
<caregiver>Caregiver 3</caregiver>
<resident>Resident 3</resident>
<activity name=“Vitals”>
<Temperature>37</Temperature>
<HighBP>140</HighBP>
<LowBP>85</LowBP>
<Pulse>50</Pulse>
<Breath>12</Breath>
<Glucose />
<Weight />
</activity>
</entry>

)c)b)a

Fig. 1. Electronic records of activities for older adults.

environmental sensors coupled to information systems to track resident’s activ-
ities and keep digital records of the data. With these settings, members of the
staff feed the system every day with new information of the wellbeing of older
adults.

The logs manually annotated by caregivers offer a rich source of information,
unparalleled with an array of sensors. One person can quickly judge the well-
being of another person. One problem with these annotations is that they are
made in natural language, are prone to errors and could be incomplete and
contradictory at times (think for example in the judgment of two persons about
the same fact). Natural language processing techniques are not at the point of
producing high level reports from noisy, incomplete logs. Hence one alternative
is to simplify the logs to the point of considering just keywords, one for each
activity being carried out. Each individual annotation will have a low semantic
value, because it consist of a simple keyword; however, we want to prove that
the accumulated data over a long period of time can be used to classify a given
day as normal or abnormal. We are not aiming at eliciting the causes of the
abnormality, the objective is more modest; we aim at raising a flag that would
be verifiable by the caring personnel. The staff can quickly check if there is
something wrong with the older adult [14].
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We analyzed the skimmed manually anotated data of one geriatric center
(see Fig. 1) searching for patterns in the activities. The electronic record analy-
sis poses several challenges for automatic learning methods, they are described
below.

Activity Granularity and Heterogeneity. During the day, every older adult per-
forms different activities (see Fig. 1b) which are recorded in the system (i.e.
Mood, Hygiene, etc.) Also, each activity can be integrated with various addi-
tional descriptions (for instance, Hygiene with Teeth, Hands, Clothes, etc.) (see
Fig. 1a). All this variability among the data makes it hard to find a unique
representation [15].

Temporal Gaps. Timestamps seem like a natural way to establish a chronological
order in the activities (see Fig. 1b). However, in practice, this is far from true.
In some days the activities are scheduled at different hours of the day, or the
same activity is performed and registered more than once (see Fig. 1c), therefore
there could be a gap in the activities sequence of the residents [16].

Missing Data. Manually annotated logs are prone to missing data, because care-
givers are frequently overwhelmed with work, and the information will not be
complete [17]. For sensors, this could be also the case due to power, battery or
communication failures. We cannot assume the records are complete [18].

Determine a Metric or Comparison Measure. The obtained data is essentially
incomplete, inconsistent and noisy. There is a challenge in designing a method
to establish a measure to identify similarities and deviations in the records [19].

In general these challenges are given by: (1) the collection mechanisms of the
data, and (2) the semantic of the activities. There are also dependencies between
activities (i.e. Medication after Lunch). The objective is to exploit these depen-
dencies found to be included in information systems to enrich the care process
but how can these dependencies and relationships be automatically detected?
With these activities’ dependencies is it possible to determine which relation-
ships are normal or abnormal during a certain period of time?, how can we detect
them?; and in case of being abnormal, why those deviations occurred? To answer
the above questions we start by establishing a representation of data to analyze
all of them.

3.1 Representing Activities Sequences

Given D(i,j) the sequence of sorted activities of the day j performed by the
resident i, where the activities’ log corresponds to the set of m days

D(1, 1) = A1,1, A1,2, A1,3, . . . , A1,n1

D(1, 2) = A2,1, A2,2, A2,3, . . . , A2,n2

...
D(1,m) = Am,1, Am,2, Am,3, . . . , Am,nm
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n1, n2, . . . , nm are the number of activities of the day (the size can be different),
and A = (Ts, r), where:

Ts = start time of activity A, and r ∈ R = {set of activities in the log}.
With this representation we incorporate the temporal factor sorting the daily

sequence according to the occurrence of each activity. Moreover, the observation
that every day might contain a different number of recorded activities was con-
sidered too.

3.2 Data-Driven Approach

Data-driven approaches [20] encourage the use of machine learning techniques
and algorithms to analyze a dataset [21,22]. These approaches need a signifi-
cant amount of data [23]. We used a dataset of activities collected during six
months inside a geriatric center under natural conditions. In Table 1 we show
the characteristics of our dataset.

Table 1. Characteristics of the dataset.

Number of activity records 19182

Number of residents 15

Average of days per resident 91

Average maximum number of activities per day 25

Average minimum number of activities per day 1.26

Average number of activities per day 8.63

The set of activities (see Table 2) in the logs is an adaptation of the activities
of daily living (ADL) and the instrumented activities of daily living (IADL) [24]
modified for the care process followed in the geriatric center.

We will use the above representation for the data to analyze the activity
records based on data-driven techniques. We apply clustering and mining sequen-
tial patterns for the analysis. We discuss the use of these two techniques in the
next subsections.

Clustering. This is an unsupervised machine learning technique aming at cre-
ating groups of data, which are similar inside the group, and dissimilar if they
belong to different groups [25]. In particular, it is possible to find a representative
sample of each group using k-means [26].

We used clustering to find when each activity is performed by an older adult
during the day, since we encountered the time variable is relevant for this study.
In particular, the k-means algorithm is not equivalent to the statistical mean,
even if the data are one dimensional. It is known that in one dimensional data,
an optimal algorithm for clustering exists [27,28].

To exemplify this, we have the timestamps of 125 days from the activities of
feeding from subject 1, which we know is distributed as feeding breakfast, feeding
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Table 2. Set of activities.

Activity Sub-activity Tag

Anomaly - Anomaly

Check over - Check over

Check over Asleep Asleep

Check over Awake Awake

Check over Get up Get up

Check over Lay down Lay down

Toilet - Toilet

Toilet Evacuation Evac

Toilet Micturition Mict

Inside - Inside

Outside - Outside

Activity Sub-activity Tag

Medical attention - Medical attention

Medication - Medication

Hygiene - Hygiene

Hygiene Shower Shower

Hygiene Teeth Teeth

Mood {Sad, Cheerful, Ill, Quiet} Mood

Recreation {Read, TV} Recreation

Social interactions Talking Talking

Feeding {Breakfast, Lunch, Dinner} Feeding

Visits - Visits

Vitals - Vitals

Normal (N)

Light abnormality (AbL) 

Moderated abnormality (AbM) 

Severe abnormality (AbS) 
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Fig. 2. Clustering settings: in (a) the centroids established for Feeding activity, and
(b) the classification of the day using hours and activities.

lunch, feeding dinner. Figure 2a shows red points (at left) when feeding breakfast
occured during the 125 days, yellow points (at center) when lunch and green
points (at right) when dinner. We use the k-means algorithm, using Euclidean
distance on the timestamps, to find the centroids for each activity (see Fig. 2a).
For feeding can be typical the creation of three groups, but for other types of
activities like using the toilet or medical attention the identification of centroids
is helpful for discovering the behavior of each subject.

Once we have identified the centroids for each activity, we set these centroids
as the normal or typical behavior (see the circles in Fig. 2a.) Then we establish a
scale of abnormality (see Table 3) based on the distance of an upcoming datum
of a given activity compared against the centroid of that activity.

Each day is classified as normal or abnormal depending on the deviations
from the activities performed. As depicted in Fig. 2b, we classify each activity
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Table 3. Levels of abnormality based on time.

Level Distance from the centroid

Normal (N) within 15min

Abnormal Light (L) within 30min

Medium (M) whitin 60min

Severe (S) more than 60min

within its corresponding level of abnormality. At the end, the day is classified as
normal or abnormal, depending on the number of abnormal activities detected.

As mentioned, the clustering only considers the time of occurrence of the
activities. However, this approach has some limitations. For instance, if a gap
occurred because the resident overslept as a consequence of late TV watching the
previous night, the clustering will tag the majority of the activities as abnormal,
therefore the day will be classified as abnormal too. We tackled this limitation
by analyzing the daily sequence of activities; we present this analysis in the
next section. Another limitation is related with the prioritization of the activ-
ities according to their importance (for instance, deviations in medications are
more relevant than recreational activities). As a consequence, the level of impor-
tance of an activity should influence the determination of the abnormality of one
specific day.

Mining Sequential Patterns. Mining sequential patterns is a technique used to
analyze databases of customer transactions [29] to discover purchasing patterns
in the commercial context. This technique has also been used in [30] to discover
the most frequent sequences of activities in older adults for activity recognition
purposes.

We used the ideas of this technique to analyze the sequences of daily activities
to discover the most frequent sequences in the activity records of older adults.
The difference here, is that in our approach the order of the activities is crucial
to identify changes of the behavior of older adults over time.

With the mining sequential patterns technique, it is possible to find pat-
terns with different sizes. Therefore we need to define a proper sequence size.
We explored with different sizes to ensure the larger coverage and at the same
time a good diversity. Figure 3 shows the number of different sequences found
when using a given sequence size. The maximum number of different sequences
(800) is achieved with a length of 7. The computational complexity of processing
increases with larger sequences. We consider that sequences of size 3 or 4 offer a
good trade-off between the sequence’s length and the number of patterns found.

We identified the most frequent sequences of activities of size 4 within a time
window (every 15 days). Later, we analyzed those sequences within the window
to discover changes in behavior from the comparison of the sequences of activities
performed during that time frame.
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4 Results

We present the results obtained after applying each technique mentioned in
the previous section. We only considered residents with more than 60 days of
collected data and show days with at least 4 activities each.

In Fig. 4 we present the results from Resident 1 with 125 days of collected data
using the clustering technique. Figure 4 illustrate some events in the logs. For
instance, October 10th, 2012, was classified as severe abnormal. After reviewing
the complete log, the expert found inconsistencies based on time of ocurrence of
the activities of Lay down. At 12:58 the resident was in bed instead of having

Fig. 4. Clustering results.
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Table 4. Activity records of October 10, 2012 from Resident 1.

Id Hour Activity Description Comments Caregiver

14829 00:26 Medication Tamsulosin C 01

14834 08:20 Hygiene Teeth C 02

14835 08:21 Feed Breakfast C 02

14836 08:22 Toilet Evac Mict C 02

14837 08:23 Medication Lasilacton C 02

14838 08:24 Medication Ferranina C 02

14839 08:27 Medical attention Consultation Nurse took him out C 02

14904 12:56 Inside Back He returned from consultation C 02

14905 12:57 Toilet Mict C 02

14906 12:58 Check over Lay down C 02

14907 12:59 Hygiene Hands C 02

14908 13:05 Medical attention Special treatment He must rest due to his eyes surgery C 02

14915 14:18 Feed Lunch C 02

14922 14:20 Check over Lay down C 02

14925 15:49 Medication Aspirine, Protect C 02

14926 15:50 Medication Prednefrin C 02

14928 16:37 Medication Gatifloxacino C 02

14930 17:48 Medication Gatifloxacino C 02

14931 17:49 Medication Prednefrin C 02

14940 18:27 Feed Dinner C 02

14941 18:28 Toilet Mict C 02

14944 18:32 Toilet Mict C 02

14957 20:46 Medication Gatifloxacino C 01

14960 20:47 Medication Dutasterida C 01

14961 20:48 Medication Prednefrin C 01

14995 23:15 Toilet Mict C 01

lunch, similarly for the same activity at 14:20. Moreover, the resident had two
Medical attention records, which is strange because the physician consultations
are once every two weeks, and having two records is atypical. Also, new records
of Medication activities appeared. After reviewing the additional comments from
the caregivers, we discovered that the resident had an eyes surgery. This explains
the medical visits and the frequent intake of medications (prednefrin and gati-
floxacino) for ophthalmic treatment (see Table 4). Before October 10, the resident
was not receiving those drugs.

Please notice that our method does not make use of the natural language
description, or the name of the medicine. Our method only triggers a flag, and
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Fig. 5. Sequential patterns mining results.

the caring personnel can check the cause by manually inspecting the logs of one
patient, the day before.

For testing the classification, we have used sampling. We selected 48 days, and
an expert from the staff in the geriatric center manually verified the predictions
and decided if the prediction was correct or incorrect. This sampling technique
was used, because manually verifying events is a time consuming task. Each day
of data may have up to 30 keywords and manual annotations for each patient.
Each day can be reviewed by an expert in about 40min. The entire set of 48
samples was cross-checked in four days.

From the 48 samples, the expert tagged 21 days as Abnormal. From the 21
Normal days, the clustering classified 14 as normal, six as lightly abnormal
and one as medium abnormal. For the Abnormal days, seven were classified
as normal, 13 as lightly abnormal, one as medium abnormal and six as severe
abnormal. Depending on where we put the threshold for a trigger, the hit ratio
can lean towards abnormality or normality. For example, if the threshold is
relaxed, we can count lightly abnormal as normal, obtaining less warnings; or
we can set it more strict and obtain more warnings.

With the sequential pattern mining analysis we also identify changes between
different periods of time. Figure 5 shows the patterns of size 4 from Resident 6 in
three different periods of time. These three different periods represent three
different seasons: summer (period 1), autumn (period 2) and winter (period 3).
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The differences between the periods are due to the decrease in breaks (leave
times) from the residence and the number of social interactions, the number of
visitors increased in the last period because of the holidays. Besides, we observe
that many patterns emerged, some of them are present in all the periods; while
some new patterns are only present for a specific period.

The results show that it is possible to identify behavioral changes using two
data-driven techniques. Please notice that this approach does not give a diagnos-
tic tool, it will be just a way to increase the awareness of the caring staff about
the well being of the residents. This could serve as a first instance which can be
complemented with environmental sensors for physical variables (for example,
the temperature), or other wearable sensors used by the residents.

5 Conclusions and Future Work

Behavior analysis for the elderly have been approached with relative success
using sensors. However, not all the facilities and institutions have access to the
technology. On the other hand, manually annotated logs are widely used in geri-
atric institutions for legal reasons and to answer queries from relatives. This
type of records have larger coverage than sensor data and have received little
attention, because manually anotated data is in natural language. In this paper
we did follow a different approach, we explored the use of keyword-based, man-
ually annotated activity records of older adults to identify abnormal behaviors
using data driven techniques. Six months of real data collected from a geriatric
institution were used for the experimentation.

We proposed a representation of the activity records and two types of analy-
sis; one exploiting clustering by time and the other as regarding as sequences
of keywords. The clustering analysis have shown that the temporal relationship
between the activities are useful to determine deviations which only depend on
time. For other type of dependencies pattern analysis can be used by detecting
common activity sequences. This type of analysis and techniques could serve as
entry points in more sophisticated monitoring systems for older adults. Blending
data from sensors and caregivers annotations could lead to better carying and
monitoring systems.

Future works include adding more context information by combining the
data-driven techniques with knowledge-driven approaches (e.g. using ontologies).
We will also explore the incorporation of the proposed techniques into applica-
tions used for the staff in the geriatric center.
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