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ABSTRACT

1

INTRODUCTION

The number of new mobile and wearable technologies with builtin sensors for quantifying every aspect of our lives is increasing.
Consequently, new data sources and opportunities arise for the development of machine learning (ML) models and their applications.
In this paper, we report on a four weeks field study with 16 older
adults, aged between 66 and 81 years (50% female), who were asked
to provide stress-related experience samples in different modalities, including paper-based diaries and data collected with the help
of a wearable (i.e., a Microsoft Band 2). We provide insights into
participants’ stress annotation behavior, report on a detailed analysis of the recorded data and the resulting implications regarding
the annotation of stressful situations by older adults, discuss how
mobile annotation technology can benefit from the synergies with
traditional methods and argue why we believe that appropriate
annotation techniques are the basis to benefit individually from
future powerful machine learning models.
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Figure 1: Participant using a wristband to create annotations
The term personal informatics (e.g., [19, 20]) was initially used to
describe an emerging class of systems, which focused on collecting
personal information and consequently improving self-knowledge.
About a decade later, the technological landscape seems to have
changed and one could argue that personal informatics has become
the default kind of everyday informatics for users of all walks of life,
young and old. Bulks of personal data are being generated and collected by multiple sources, including social networks and a growing
number of mobile and smart technologies augmented with sensing
capabilities. Arguably, the health domain is the most promising
area for such a form of digitalization, which generates personal
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data to provide a clearly positive impact on people’s lives. But data
seems meaningless if it is not properly labeled and contextualized
for powerful technologies, such as machine learning techniques.
And older adults, who might arguably benefit most from new forms
of attentive and “quality of life” improving technologies may still
be the most critical towards technology adoption [4].
Despite obvious obstacles including technology usage itself potentially becoming the source for stress [28], the prospect of “gamechanging” health services for older adults has motivated us to explore with 16 older adults in a field study user specific behavior
and behavioral data, focusing on (i) whether older adults would be
willing to use mobile technology to annotate their daily stress experiences, (ii) what patterns would emerge considering older adults’
stress experiences within daily and weekly routines, and (iii) how
the mobile annotation technology can be complemented with the
advantages of traditional approaches such as paper-based diaries.
We believe, that it is important to improve our understanding of
older adults’ annotation behavior and explore new ways for them
to provide data and annotations, which are ultimately needed as a
basis for new solutions that may contribute to the improvement of
their wellbeing, autonomy, and help in dealing with stressful times.
In the field study we applied a mix-measurement method, combining a time-triggered Experience Sampling Method (ESM) [18]
on a wristband (i.e., a Microsoft Band 2) with continuous measurements of physiological data from the band and a traditionally
paper-based diary method [6]. Our intention was to gather data
in comprehensive manner. That is, we combined these methods
to make sure that the specificity and quality of collected data was
granted. But we also assumed that on the one hand older adults
would feel comfortable to provide pen- and paper-based diary entries. On the other hand, through the use of technology, data would
be provided in a structured and easy way even if an older participant
felt unmotivated to provide detailed diary entries.
Contributions that we hope to achieve through the study and a
detailed presentation of the results include insights into the annotation behavior of older adults as well as possible implications for
future technology-based solutions which make use of the labeled
data to detect stressful experiences and assist older adults in these
situations. Before we present the field study and its results in detail
we provide in the next section background, including the role of
data annotation for active machine learning based health assistance.

2

BACKGROUND

In general, machine learning deals with the problem of designing algorithms that can automatically learn to detect patterns in
data and allow a computer to make predictions based on what it
has learned. In recent years machine learning methods have been
applied successfully to solve various health-related recognition
tasks [10, 13, 32] including stress detection [1, 3, 25]. Despite its
continuously growing success the method is still subject to some
caveats.
Overall, one can distinguish between three broad categories
of machine learning algorithms: Unsupervised, Supervised and
Reinforced. The main difference between those categories is the
way they handle the data to learn from it and the different areas of
application that are resulting from that. What all machine learning
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algorithms have in common is, that the quality of a trained model,
with respect to the accuracy of the made predictions at run time, is
largely dependent on the data that has been used to train a system.
In order to develop a model that performs well during real world
usage, it is necessary to train the system on large amounts of prerecorded data that reflect the characteristics of the later analyzed
signal as close as possible. However, recording such in the wild data
is often a highly challenging task in itself.
Another important aspect that can greatly influence the prediction performance of any trained model is the quality of annotations.
Depending on the given task and chosen method, the process of
annotating data can be rather complex and time consuming. Often
large amounts of data are annotated by multiple annotators using
specialized annotations tools [9, 17, 31, 34] to obtain the groundtruth. However, this traditional annotation approach depends heavily on the availability of human-comprehensible data (e.g., video
or audio) that provides insights into the situative context of the
recordings. Furthermore, this approach is limited to the annotation
of phenomena that can be observed externally by reviewing the
data, which might also lead to annotations that do not correspond
with the self-perception of the recorded participants.
Alternatively it is possible to involve the participants directly
into the annotation process. A popular approach to do this are diary
studies where the participants are asked to report on certain aspects
of their daily lives in form of diary entries [7]. A variation of such
diary studies is the Experience Sampling Method (ESM) [18]. The
peculiarity of the ESM-procedure is that the participants are queried
to report on their experiences during the current activity instead of
having to reflect on them retrospectively in a diary. In this regard,
notifying the participants and reminding them to provide annotations also reduces their burden compared to participants reporting
the data on their own accord [8]. Here it is up to the researcher to
determine the best moment for notifying the user and collecting
the annotations. In general, there are three types of notification
strategies to do so: (i) signal contingent, in which respondents report
when signaled (usually at random times), (ii) interval contingent,
where annotations are collected at a regular (time-based) interval,
and (iii) event contingent, in which participants report experience
samples in response to certain events of interest [2, 33].
For the present study we selected an interval contingent notification strategy with the option to provide annotations on demand,
which allowed participants to also report on rare or irregular events
in addition to the regular queries resulting in a comprehensive
overview of the experienced situations. Independent of the chosen strategy, the close temporal proximity between an experience
that influences the participant’s current state of mind and the annotation helps to avoid incorrect situation assessment, caused by
erroneous reconstruction of memories [30]. Additionally, the increased annotation frequency allows for a much more fine-grained
- and therefore accurate - assessment of the participant’s mental
state throughout the day.
An annotation concept from the field of machine learning that
can be closely connected to ESM is the so called Active Learning
(AL) [27]. AL depicts a method, where the machine itself decides
which samples are the most effective to learn from and asks an oracle (e.g., the user) to provide a corresponding label for those samples.
The goal of this method is to improve the classification accuracy
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of a model while simultaneously lowering the necessary amount
of annotated training data. When active learning is applied to ask
the user as soon as new relevant sensor input is detected, it can
be viewed as experience sampling with a dynamic querying policy.
This state of the art approach to train machine learning models in
an online environment has been subject to recent research [23]. For
instance, Flutura et al. [14] explored how a generalized base model
for detecting drink activity can be personalized and improved by
applying this interactive machine learning process. In their study
they used a smartwatch to record drinking-related movement data
and to collect annotations from the participants which were then
used to adapt the model. A similar approach could also be applied to
the detection of stress. While previous research already investigated
suitable physiological measures for the automated recognition of
self-reported stress on mobile devices [15, 26], most of these studies
were either conducted with young participants or did not make use
of the annotations to personalize the classification models in an
online environment. With the present work, we therefore aim to
explore the feasibility of collecting stress-related annotations from
older adults, which can serve as a foundation for future machinelearning-based systems providing health assistance to older adults
in stressful situations.

3 METHOD
3.1 Participants
In order to evaluate the feasibility of the mobile stress annotation
approach with older adults, we conducted a field study with 16
participants (50% female) aged between 66 and 81 (M = 73.3) years.
The criterion for inclusion consisted of a minimum age above 65
years. Candidates with severe affective or cognitive disorders were
excluded during recruitment. The sample of participants was well
educated (62.5% had a university degree) and rather healthy (56.3%
of participants subjectively rated their health condition as “good”
or “very good”). Only three participants mentioned an impairment
or chronic disease. 50% of the participants were married or had a
relationship and none of them was still employed. Regarding their
social activities 37.5% specified that they were working as volunteers while 12.5% were members of a club or society. In general, the
sample consisted of active, well educated and rather healthy older
adults living in an urban environment.

3.2
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every evening. The only requirement was that they should wear
the wristband, record annotations and fill out the diary every day
for the next four weeks (28 consecutive days). After this period
we invited them again for a final examination at our lab. There we
asked them several questions regarding the usage of the system
and let them fill out a questionnaire about its usability.

3.3

Measures

Within the scope of the study several measurement instruments
were used. The details of each of them are described in the following
paragraphs.
3.3.1 Demographics Questionnaire. The questionnaire to collect
sociodemographic data included the following items: age, gender,
martial status, highest educational achievement, number of people
living in the same household and average net household income.
Additionally, we collected information about the health condition
of the participants, such as their subjective assessment of it, whether
they suffer from chronic diseases or require a mobility aid. This
data was used to create a more differentiated evaluation as well
as to investigate correlations between demographics and certain
results.
3.3.2 Stress Diary. The stress diary was mainly used as a baseline to identify potential aspects that can be used to complement
and improve the mobile stress annotation approach. In addition to
that, we also aimed to gain more insights about the circumstances
and characteristics of the stressful situations from our target user
group. As shown in Figure 2 the diary therefore consisted of the
following elements: date/time, stressor, feelings, stress burden (1-10)
and coping strategy. Since the entries from our participants were
in free text, we had to categorize them first before we could begin
the evaluation. For that, we used a qualitative content analysis [22]
with defined encoding rules for each category.

Procedure

At the beginning of the study we invited each of the 16 participants
to an initial examination at our lab. During this visit participants
received a brief overview about the details and the procedure of the
study and were asked to fill out a questionnaire regarding sociodemographic data. Following this, participants were given a sensor
wristband as well as a smartphone and were instructed on how to
operate and use them to record stress annotations and physiological data within the scope of the study. This included a detailed
briefing of all necessary steps to perform each task, which were also
documented in a custom manual that was given to the participants.
Additionally, they received a stress diary and instructions on how
to fill out the handwritten protocols. Thereby we let the participants decide, whether they wanted to log the stressful situations of
their daily lives immediately after they happened or in retrospect

Figure 2: Paper-based stress diary
The stressors were divided into the categories household, health,
traffic, technology, interpersonal problems, memory, time pressure and
physical activity. While most entries could be distinctly assigned
to a specific category, others were more ambiguous. In these cases
the feelings and coping strategies were also considered during the
category assignment. For example, the stressor entry “late for appointment; looking for parking lot” (P13) could match the categories
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traffic and time pressure but due to the feeling “annoyed because of
parking situation” it was assigned to the traffic class. The categorization for the coping strategies was adapted from [5] and includes the
classes active solving, active not solving, passive solving and passive
not solving.
3.3.3 Sensor Wristband. In order to record mobile stress annotations as well as to measure physiological data, every participant
received a Microsoft Band 2 wristband and a Google Nexus 5 smartphone for four weeks. During this time they were told to wear the
wristband as often as possible. The reason why we selected the
Microsoft Band 2 as opposed to other smartwatches or wristbands
is its capability to record the Galvanic Skin Response (GSR), which
is rather rare in current devices. Since the battery capacity of the
Microsoft Band 2 only lasts about eight hours when constantly
recording data, participants were also instructed to charge the devices by themselves, which took approximately one hour before
they could use them again. While wearing the wristband, participants received a prompt on its display every hour showing the
current time and asking whether they were stressed in the past 60
minutes or not. We chose this duration since it was long enough
to not be considered disturbing but also regular enough to still
receive meaningful data. The prompt was accompanied by a short
vibration to draw the attention of the wearers towards it and could
be answered by selecting “yes” or “no” on the touchscreen of the
wristband as shown in Figure 3. While this rather simple query does
not reveal much about the annotated situation, it was sufficient to
evaluate the feasibility of the general mobile annotation approach
with older adults.

Annotation request
(once per hour)

GSR, HR, IBI, Temperature,
User Annotation

Figure 3: Sensor setup
In addition to the stress annotations, we also recorded the Galvanic Skin Response (GSR), Heart Rate (HR), Interbeat Interval (IBI)
and Skin Temperature (ST) with the integrated sensors of the wristband. For that, we implemented an automated recording system
using the SSJ framework [11, 12], which generally enables the
recording, processing and classification of social signals on Android smartphones using device internal and external sensors. Due
to the modular architecture and component-based nature of the
open-source framework we were able to quickly build a signal processing pipeline which recorded the data on the Microsoft Band 2
and transferred it via Bluetooth in real-time to the smartphone
where it was stored for later analysis. There, a scheduling component also triggered the hourly stress annotation prompts on the
wristband using the same communication channel. Additionally,
the system was adjusted to automatically start the recording once
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the wristband was worn and to stop the data collection as soon as
it has been taken off. This prevented notifications at unfavorable
times (e.g., during night).
3.3.4 Experience Questionnaire. Within the scope of this questionnaire we collected data about the user experience of the sensor
wristband and the annotation system. This included three questions
regarding the usability of the overall system, the wristband itself
and the vibrations during an annotation prompt. Furthermore, we
asked the participants how often they encountered problems while
charging the devices, connecting the wristband and the smartphone,
and initiating the data recording, which they could answer with
daily, multiple times per week, once a week, less than once a week
and never.

4 RESULTS
4.1 Evaluation of Stress Diaries
4.1.1 Stressors. In total participants reported 259 stressful situations in their diaries within the four week period of the study.
This corresponds to an average of 16.2 entries per user (min =
1, max = 45, SD = 12.3). Based on the responses the most commonly mentioned source of stress was physical activity (M = 3.6),
followed by technology (M = 2.4), household (M = 2.1) and traffic
(M = 2.1) as shown in Figure 4. Taking demographic data into
account reveals some differences between both genders. While
males reported physical activity (M = 5.1), technology (M = 2.8)
and traffic (M = 2.6) as most frequent stressors, females mentioned household (M = 3.2), health (M = 2.3) and physical activity (M = 2.1) as their most common sources of stress. However,
no significant correlations between the number of entries and demographic characteristics of the participants, such as their age
(r s (14) = .010, p = .971), education (r s (14) = −.042, p = .878) or
health condition (r s (14) = −.182, p = .501) were found.
Interestingly, participants who assessed their health condition
as “very good” (M = 6.0) and “rather good” (M = 4.8) made more
entries for stressful situations caused by physical activity than
those with an “average” (M = 1.5) and “rather bad” (M = 3.0)
subjective state of health. Additionally, participants with chronic
diseases (n = 3, M = 7.3) also mentioned physical activity as source
for stressful situations more often than those without them (n =
13, M = 2.7). Overall, the entries in this category covered a wide
area of activities ranging from “wood cutting” (P8) to “carried 20kg
up 70 stairs” (P9) and “drove up a steep hill with my bicycle” (P5).
Regarding the technology category, more than half (58.9%) of the
stressful situations were caused by the sensor wristband and its
empty battery. Other entries included “problems with printer” (P1),
“no Skype connection on my PC” (P2) and “repair costs for notebook
higher than expected” (P16). In the household category most of the
entries revolved around grocery shopping, cooking and cleaning.
On average, females (M = 3.2) reported more than twice as much
about stressful situations caused by household problems than males
(M = 1.1). Similarly, participants living in a two-person household
(n = 7, M = 3.2) also made more entries in this category than
participants living alone (n = 9, M = 1.3).
4.1.2 Stress Burden. In addition to reporting the stressors, participants were also able to rate the perceived stress burden of each

Stress Annotations from Older Adults

PervasiveHealth’19, May 20–23, 2019, Trento, Italy

Number of diary entries

70
60

58

50

41

40

39

30

35

35

23
17

20

29

26

25

21
16

19

14

10

9

10

21
15
10

17

11 10

12
5

0

Physical activity

Technology

Household

Traffic
Total

Health
Male

Interpersonal
problems

Time pressure

Memory

Female

Figure 4: Distribution of diary entries across stressor categories
situation on a scale from 1-10 (with 10 being the highest burden).
Though, since not every participant assessed all recorded situations,
only 214 out of 259 diary entries were rated (M = 13.3, SD = 9.7).
On average, the reported stress burden was 4.6 (min = 0, max =
7.5, SD = 1.9). In regard to the gender, males (M = 5.0) reported
a higher average stress burden and also rated more situations
(Mm = 16.2, M f = 10.5) compared to females (M = 4.1). Considering the level of education, participants with a university degree reported the highest stress burden (M = 5.0). Furthermore,
participants who were active members of a club or society had a
higher stress burden (n = 2, M = 7.2) than participants without
such activities (n = 14, M = 4.2).

Number of diary entries
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Figure 5: Distribution of diary entries across categories for
coping strategies

4.1.3 Coping Strategies. Besides the stress burden, participants
could also report how they coped with certain stressful situations.
Overall this was done 189 times (M = 11.8, SD = 8.2). On average,
males reported their coping strategy in 14.7 entries (SD = 8.1) while
females recorded it in 8.8 cases (SD = 7.7). As shown in Figure 5,
most of the entries could be classified into the category “active
solving”. The criteria for that was the presence of an active behavior
visible to others aimed towards solving the problem which the participant was facing during the stressful situation. Examples for that
are: “Called the doctor” (P3), “Looked for alternative traveling options”
(P7) and “Wrote a message to the neighbors” (P8). In total 148 entries
were grouped into the “active solving” category (M = 9.3, SD = 7.6).
Participants with a high school diploma (n = 3, M = 15.3) reported

on average the most entries in this category, compared to participants with a university degree (n = 10, M = 8.8) and a secondary
school certificate (n = 3, M = 5.0). Besides actively solving the
problems, participants also stayed passive in 26 reported cases to
resolve the situations (M = 1.6, SD = 1.4). Only in ten cases they
did not try to improve their conditions by either doing nothing or
doing something which did not help the situation (e.g., complaining
about something which can not be changed).

4.2

Evaluation of Wristband Data

4.2.1 Data Overview. Within the scope of the study we collected
more than 2484 hours of data per modality (GSR, HR, IBI and ST).
The details for each participant are shown in Table 1. On average,
each user wore the wristband around 21 days (min = 4, max =
28, SD = 7.4) which translates to 7.2 hours per day. During this
time they made 5.6 annotations per day, resulting in a total of 1967
collected annotations over the course of the study. Out of those
annotations 195 were labeled with “stress” (10%).
4.2.2 Annotation Count Based on Demographics. When taking
a closer look at the demographics, it appears that on average males
(M = 118.8) used the “no stress” label more frequently than females
(M = 102.8). However, for the “stress” label there is almost no
difference between males (M = 12.1) and females (M = 12.2).
Considering the health condition, participants who assessed their
state of health as “rather bad” (n = 1, M = 29.0) or “average” (n =
6, M = 13.5) labeled more annotations with “stress” than users with
a “very good” (n = 2, M = 9.0) or “rather good” (n = 7, M = 9.6)
subjective health assessment (r s (14) = .235, p = .381). In return
participants with a “very good” (M = 133.0) health condition used
the “no stress” label the most, compared to those with a “rather good”
(M = 100.0), “average” (M = 114.3) and “rather bad” (M = 120.0)
state of health.
4.2.3 Physiological Differences Based on Demographics. Participants who assessed their health condition as “very good” (M = 65.5)
had the lowest heart rate compared to participants with a “rather
good” (M = 72.1), “average” (M = 73.2) and “rather bad” (M = 75.7)
assessment of their state of health (r s (14) = .410, p = .058). Despite the rather long annotation duration of one hour, there was
a significant difference (t(15) = 2.39, p = .03) between the heart
rates during the “stress” (M = 73.7, SD = 3.8) and “no stress”
(M = 72.2, SD = 4.1) annotations. Additionally, while the heart
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Figure 6: Stress annotation distribution across hours of a day

Annotations

Hours

Days

Hours Stress
/ day

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16

254.6
31.1
155.3
218.8
111.6
26.6
257.4
133.5
76.1
169.0
184.1
155.3
176.8
98.5
178.3
256.9

27
8
27
26
16
4
27
16
11
22
26
22
26
27
24
28

9.4
3.9
5.7
8.4
6.9
6.6
9.5
8.3
6.9
7.6
7.0
7.0
6.8
3.6
7.4
9.1

Avg.
Sum

155.2
2484.6

21
337

7.2
114.8

No
stress

Total

Anno
/ day

5
1
9
6
6
1
26
8
21
13
31
9
29
10
12
8

147
1
118
148
78
22
195
97
39
119
135
116
120
207
162
68

152
2
127
154
84
23
221
105
60
132
166
125
149
217
174
76

5.6
0.2
4.7
5.9
5.2
5.7
8.1
6.5
5.4
6.0
6.3
5.6
5.7
8.0
7.2
2.7

12
195

110
1772

122
1967

5.6
89.5

Table 1: Recorded data from the sensor wristband

4.2.4 Time-Based Annotation Distribution. In addition to the
demographic analysis we also evaluated the time-based distribution of annotations. The majority of annotations were made in the
daytime between 8 a.m. and 5 p.m. as shown in Figure 6. While the
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number of “no stress” annotations remains rather constant during
noon, the “stress” annotation count steadily rises until it reaches its
peak at around 11 a.m. This is also reflected in the percentage ratio
between “stress” and “no stress” annotations, which reaches a peak
value of 18.5% at this time. With the exception of two smaller peaks
at 2 p.m. and 5 p.m., the number of “stress” annotations steadily
declines until 10 p.m. after that.

Annotation count per user/day

rate of males (M = 72.7) was lower than that of females (M = 74.4)
during “stress” annotations, it was higher in “no stress” situations (Mm = 72.6, M f = 71.9). Although the other physiological measures also showed some differences between the “stress”
and “no stress” annotations, none of them were significant (GSR:
t(15) = −1.081, p = .297; IBI: t(15) = −1.660, p = .118; ST: t(15) =
−.319, p = .754). Considering demographics, participants who assessed their health condition as “very good” (M = 1343.4) had the
lowest GSR compared to those with a “rather good” (M = 5588.4),
“average” (M = 3250.9) and “rather bad” (M = 4805.2) subjective
rating of their state of health.

0
Monday

Tuesday Wednesday Thursday

Avg. "stress" annotation count

Friday

Saturday

Sunday

Avg. GSR across participants

Figure 7: Average “stress” annotation count and GSR distribution per participant across weekdays
When looking at the “stress” annotations on a weekly dimension
as shown in Figure 7, we can see that the average annotation count
per user is rather low (0.33) on Mondays and increases throughout the week until it reaches a peak of 0.59 on Thursdays. As the
weekend begins, the average amount of “stress” annotations per
day and user decreases again until it reaches the lowest count of
0.17 on Sundays. This is also reflected in the percentage ratio between “stress” and “no stress” annotations, which starts at 9.2%
on Mondays, increases to 12.4% on Thursdays and decreases to
4.7% on Sundays. Although none of the participants were still employed, the recorded distribution looks like one we would expect
from regular employees [29]. A similar trend can be observed in
the average GSR value across each weekday. Since the Microsoft
Band 2 measures the skin resistance, a lower value means that the
wearer is sweating more which can be an indicator of a higher
stress level. As we can see in Figure 7 the average GSR starts on a
medium level on Mondays and steadily decreases until it reaches a
minimum value on Thursdays. After that it rises again and reaches
a maximum value on Sundays. Results of the Spearman correlation
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indicate a significant inverse correlation (r s (14) = −.955, p = .001)
between the subjective annotations and the objective physiological
data (GSR).
Day 1

Day 5

Day 10

Day 15

Day 20

Day 25

Day 30

00:00

02:00
04:00

cases (M = 3.1) no matching entry could be found. Regarding the
gender, males (n = 58, M = 7.3) reported more situations in their
diaries which corresponded to an annotation within a ±2h window
than females (n = 39, M = 4.9). However, females (n = 42, M = 5.3)
labeled more “stress” annotations which did not match a diary entry
than males (n = 7, M = 0.9).
4.3.2 Heart Rate Based on Stressors. In order to gain a more
detailed overview of the situations with corresponding annotations
we then analyzed the sensor data during the 97 entries with a
matching annotation within a ±2h window. As shown in Figure 10,
participants had the highest average heart rate (76.4 bpm) during
health related stressful situations. Following that are circumstances
caused by physical activity (74.7 bpm), memory issues (74.6 bpm)
and traffic (73.5 bpm). The lowest average heart rate (70.2 bpm)
was observed during household related situations.

06:00
08:00
10:00

12:00
14:00
16:00
18:00
20:00
22:00
10

Annotation count

0

77

Figure 8: Annotation distribution across study duration

4.3

Average heart rate (bpm)

An analysis of the recorded annotation data on a broader scale
across the complete duration of the study reveals, that after a certain
point the number of annotations decreases over time as shown in
Figure 8. While the daily count remains rather constant until day 20
we can observe a moderate decline until a larger drop off occurs
around day 25. After that the amount of recorded annotations
shrinks drastically until the end of the study. It also appears that
the decrease occurs during all hours of the day which results in few
annotations during the peak time at 11 a.m. and no annotations
during the evening and night.
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Figure 10: Heart rate based on stressor category

Combined Evaluation

4.3.1 Annotations Matching Diary Entries. Based on the individual results of the stress diary and the wristband evaluation, we
analyzed the relations and connections between them. One of the
most apparent aspects for that was the accordance of stress annotations with diary entries. Since the accuracy of diary entries varied
across participants, we grouped them into the following categories
of accordance: entry within ±2h window, entry on same day and
no entry. As displayed in Figure 9 the date and time of 97 “stress”
annotations (M = 6.1) matched with a diary entry within a ±2h
window. In 49 cases (M = 3.1) the annotations corresponded to a
situation in the diary reported on the same day while in another 49

4.3.3 Heart Rate Based on Stress Burden. In terms of stress burden the average rating across the 97 entries was 4.8 out of 10. Since
this rating is close to the mean value of the scale, we divided it into
the categories low burden (1-5) and high burden (6-10) for further
analysis. As it turns out, most of the entries (n = 59) could be assigned to the low burden category. Only 35 situations were rated
with a stress burden of 6 or higher. Regarding the average heart
rate during these categories, we found that in situations with low
burden it was lower (M = 71.7, SD = 4.7) than in situations with
high burden (M = 76.0, SD = 5.9). This also indicates a conformity
of the subjective ratings from the participants with the objective
measures from the sensors.
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Figure 9: Annotations matching diary entries

Annotation Experience

In general, the amount of collected data indicates that the mobile
annotation approach using a wristband was rather effective. During the usage of the device throughout the study though, some
participants experienced issues. 43.7% of the users faced problems
at least once a week when charging the wristband. 12.5% even had
these problems daily. Additionally, more than half of the participants (68.8%) occasionally (less than once a week) had issues with
the data recording. However, despite all of these problems 56.3%
of the participants rated the wristband as “very” or “rather” userfriendly. Only 18.8% of the participants found the wristband to be
“not very” user-friendly. Regarding the gender, males (62.5%) rated
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the device more frequently as “very” or “rather” convenient than
females (50%). Similarly, more than half of the participants (62.5%)
found the hourly stress annotation request to be “very” or “rather”
user-friendly. In this regard almost all participants (93.8%) rated
the accompanying vibration as appropriate and did not assess it as
annoying or disturbing.

5

DISCUSSION

Having provided a detailed evaluation we discuss in this section
the results, including their implications for future research and the
developments of mobile health assistance for older adults.

5.1

Potential Implications for Machine
Learning Applications

The collected amount of data indicates a rather high level of compliance among the participants of our study to wear a wristband
regularly and record annotations with it. While these preliminary
results should be confirmed on a larger scale, they suggest that
older adults seem willing to use mobile technology to annotate
their daily stress experiences. Future machine learning based assistance systems could take advantage of this finding by enabling the
users to personalize the models, responsible for detecting critical
situations, with their own annotations. This could potentially improve the recognition accuracy and could increase the users’ trust
towards such systems.
In addition to that, we observed a relation between certain subjective assessments and objective physiological measures which
could further contribute to the improvement of recognition models.
More precisely, we found a correlation with medium effect size between the subjectively rated health condition and the average heart
rate of the participants (r s (14) = .410, p = .058). This indicates
that incorporating the health condition as criteria into the machine
learning process could improve the results. For instance, one possible approach would be to use multiple models (one for each health
condition). The reason for this is the presence of large differences
between the average heart rates in relation to the subjective health
assessments of the participants. Therefore, when only using one
model the selected features have to account for these variances,
which often leads to lower recognition rates. When using multiple models though, the differences within one condition are much
smaller which facilitates the detection of anomalies and might lead
to better recognition rates. However, since the correlation between
the health condition and the average heart rate was not significant
and only based on a small sample size, these hypotheses have to be
verified in larger scale studies.

5.2

Insights on Heart Rate and Stress

One measure where we found a significant difference was the
average heart rate during “stress” and “no stress” annotations
(t(15) = 2.39, p = .03). This result indicates that the heart rate
signal could be used to distinguish both classes with machine learning methods. Although the absolute difference seems rather small,
its presence despite the relatively long annotation duration of one
hour has to be considered. For smaller annotation windows we
would expect to find even larger differences. Therefore, creating
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features based on the heart rate data might yield a solid foundation for future classification models aimed towards detecting stress
in our target user group. Additionally, we found that the average
heart rate of males was lower than that of females during stressful
situations, which corresponds to the results of previous studies [21].
While the other physiological measures also showed some differences between both labels, none of them were significant, which is
not unusual considering the rather long annotation duration of one
hour. In future studies it would be advised to investigate shorter
annotation durations as well, which might lead to further results
considering the other physiological measures as indicated by fellow
researchers [15, 26].

5.3

Times of “Habitual” Stress

5.3.1 “Habitual” Stress Across a Week. One interesting observation we made regarding the weekly distribution of “stress” annotations was, that it starts on a rather low count on Mondays, then rises
until its peak on Thursdays and afterwards decreases until it reaches
the lowest count on Sundays (Figure 7). While such a distribution
might be expected from students and employees as shown in [29],
this explanation can not be used in our present study since the
participants were all retired. One possible explanation could be that
the participants followed a certain routine during their working life
and continued it even after their retirement. Another explanation
could be that despite being retired, participants still got in contact
with the working population (e.g., shopping, doctor’s appointment,
etc.) which caused a similar amount of stressful situations. This distribution is also reflected in the physiological data where we found
an inverse correlation between the average GSR and the “stress”
annotation count across each weekday (r s (14) = −.955, p = .001).
The correlation of physiological data with subjective annotations
indicates that the GSR might be a useful measure to predict the
number of stressful situations on a given weekday. It also indicates
that the participants had a rather accurate self-assessment ability
which contributes to the effectiveness of the mobile annotation
approach aimed towards creating personalized machine learning
models for older adults.
5.3.2 “Habitual” Stress Across a Day. Considering the daily annotation distribution, we observed a similar progression as in the
weekly one with a majority of annotations between 8 a.m. - 5 p.m.
and a peak amount of “stress” annotations at around 11 a.m. (Figure 6). This is different from previous studies with young adults [29]
where the highest number of labels was recorded between 3 p.m.
and 5 p.m. while the majority of annotations were reported between noon and 8 p.m. One reason for these differences could be
the distinct daily rhythms between both user groups which might
be influenced by the age and employment status of the participants.
Therefore, this result also indicates the importance of recording
data from the intended users in order to collect the specific characteristics of this group such as with the daily annotation distribution
in this case. Combined with the weekly distribution, a reference
model containing the probability for the occurrence of a stressful
situation at a given time and weekday could be created. This model
could then be used in situations where a future machine learning
system has a low confidence in its current prediction about the
presence of stress. For instance, if the system is unsure about its
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prediction on a Thursday at 11 a.m., then the time-based model
would suggest that the presence of a stressful situation is rather
likely. This could either directly influence the prediction of the system or could trigger an annotation request for the user to provide
the appropriate label for the given situation.
In this regard it is important that the system adapts to the user
input so that a noticeable relation between the provided annotations
and the model performance can be observed. Otherwise, the users
might lose interest in answering future annotation requests if it
yields no benefits for them. An indication for this behavior can be
found in the present study, where we observed a steady decline of
recorded annotations after a certain point in time (around day 20).
Since the system only recorded data, there was no further incentive
for the participants to continue the labeling process, which should
be considered in future studies.

5.4

Lessons Learned from Combing the Diary
and Experience Sampling Method

In general, the evaluation of the paper-based diary entries revealed
some valuable insights about the stressful situations, which our
participants were facing over the course of the study. Therefore,
instead of just asking whether they were stressed or not it might
be beneficial to also give the users the ability to categorize the
current situation and to rate the stress burden on the wristband. For
instance, Hernandez et al. [16] used a 5-point Likert scale (“How
stressed are you feeling right now?”) and a 2D grid with valence and
arousal as dimensions for the annotation of stressful situations on
different mobile devices. While a Likert scale might be acceptable
for our target user group, a 2D grid could already be too complex
and discouraging for older adults in the given context. Thus, a
balance between complexity and information diversity has to be
found.
In addition to the stressors, the diary entries also revealed valuable information about the coping strategies of the participants in
the reported situations. As it turns out, a majority of participants
already actively performed certain actions to resolve the problems
causing stressful circumstances. However, in some cases, the issues
were not resolved which resulted in continued stressful experiences.
This is where a personalized machine learning based system could
automatically detect the problematic situations and provide the
users with assistance. In order to reach this goal, the number of
collected “stress” annotations needs to be improved first. While it
should be easier to label an annotation on the wristband than to
fill out the diary by hand, we collected more diary entries (259)
than “stress” annotations (195). Additionally, 49 annotations did not
match a diary entry while for 113 reported situations no matching
annotation could be found. A possible explanation for this could
be that the participants were too engaged in the stressful situations and did not think about creating an annotation during the
heat of the moment. In contrast, most participants made the diary
entries retrospectively which allowed them to reflect on more situations. Therefore, the annotation approach should be extended with
an option to also create annotations retrospectively. This change
could contribute to an overall higher number of annotations with
more accurate time frames as shown in [29] where the majority of
annotations were labeled retrospectively.
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5.5

Potential Limitations

The present study has provided various insights about the mobile
stress annotation behavior of older adults and how it can be complemented with techniques from diary-based approaches. While
the number of participants was rather low compared to previous
works [30], most of these studies were conducted with students and
research assistants who are much easier to recruit than older adults.
Despite the small number of participants, the rate of more than 7.2
hours of data recorded per user, modality and day was higher than
in most previous studies [15, 24, 26, 29].
Another interesting finding is that more than half (58.9%) of the
stressful situations reported in the technology category were caused
by the empty battery of the sensor wristband. Although this only
corresponds to 8% of the total entries, it is still alarming that the system, aimed towards preventing stress in the future, was causing it in
these situations. In order to extend the battery life of the Microsoft
Band and to prevent further stressful experiences, the data recording of the skin temperature and the IBI could be disabled, since
they did not provide much additional insight about the distinctive
characteristics of stress in our present study. Alternatively, another
sensor wristband with higher battery capacity should be selected
since previous works considered the skin temperature and IBI as
valuable measures in their stress detection approaches [15, 26].

6

CONCLUSION

While the domain of health may only be one of many areas for future
machine learning and data annotation based software solutions,
both the increasing amounts of personal data that is being collected
in various forms and the importance of future digital health services
for an aging society has motivated the work at hand. We have
argued how personal data is taking a central stage position in the
practice of programming with a shift towards machine learning
based software solutions. We believe that these solutions would
benefit from HCI research taking a turn towards data practices of
special user groups including contextual annotation practices.
To this end, we reported on a field study with older adults, exploring various aspects of their annotation behavior and stress related
data. As indicated by the study results, older adults seem willing to
use mobile technology to provide annotations. Moreover, the combination of the mobile annotation technology with a traditionally
paper-based sampling method revealed valuable insights regarding the experienced situations of older adults and the resulting
requirements of annotating them. The detailed analysis and interpretation of the recorded data could also be useful for design and
timing choices in future machine learning based solutions to detect
stressful experiences and provide assistance for older adults. We
sincerely hope that our findings will inspire fellow researchers and
practitioners, and ultimately contribute to improving the quality of
life for older adults including our future selves.
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