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Abstract
Mobile self-reports, as a human-machine interaction technique, have gained popularity for collecting participant-labeled
data in naturalistic settings. The integration of context-awareness into mobile self-report systems offers the potential for
establishing symbiotic interactions between humans and machines. However, the quality of context information obtained
through self-reports is often not good due to missing or inaccurate responses resulting from the busy of daily life or ill-timed
questions. From a researcher’s perspective, designing data collection events with different frequencies can be challenging
due to the lack of a general methodology. To address this challenge, we propose a novel scheduling method designed to
facilitate meaningful human-machine interactions by providing researchers with convenient for setting questions. Our new
language employs the iCalendar standard and integrates a recurrence methodology to collect annotation of context data from
both questions and sensors that may influence response quality, elicit high-quality responses, and enhance the overall user
experience.

Keywords
Human-Machine interaction, Context, Scheduling language, Question representation

1. Introduction
The ability to process context information enables hu-
mans to adapt their behavior to their surroundings [1],
as such, the acquisition of context information is essen-
tial. Due to the complexity of context, it is difficult to
get high-quality context data directly. The challenges
have significant implications for a range of fields, includ-
ing Human-Centered Artificial Intelligence, Psychology,
and Pervasive Systems [2, 3]. The necessary contextual
information can be obtained from a variety of objective
sources, such as networks, devices, sensors, and user pro-
files (see, e.g., [4, 5]). However, these objective data can
make it difficult to capture the subjective motivations
of participants. With the rise of Experience Sampling
Method (ESM) [6], smartphones offer an opportunity
to collect both objective (sensors) and subjective (self-
reports) data from a user. This data can help machines
learn from humans and assist users in improving their
quality of life. Considering the send and receive infor-
mation ability of the pervasive smartphones, they allow
to collect sensor data and questionnaires anytime and
anywhere, e.g., [7, 8].

However, questions are often sent to users at inoppor-
tune moments, such as during meetings or while driv-
ing, which can disrupt their daily routines and result
in the collection of low-quality responses. This may
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also be due to recall bias, where participants do not ac-
curately remember previous events [9]. Many studies
have aimed to improve the response rate of questions,
i.e., the number of answered questions, for example, see,
[10, 11, 12]. Furthermore, Berkel et al. [13] showed that
longer completion times for questions result in less accu-
rate responses. However, these studies do not account
for the flexibility of when users can answer questions.
In other words, researchers typically send questions to
users on a fixed schedule, as it can be challenging to
design different frequencies for these questions. To the
best of our knowledge, no research group is currently
addressing this issue.

Therefore, it is necessary and valuable to develop a
method that minimizes interruptions to users and give
the flexibility to researchers for collecting effective data.
This can be achieved by considering two key factors:
when to ask questions and how to ask them. While the
first perspective has been addressed in [14]. This paper
focuses on providing researchers with the flexibility to
design the schedule for collecting context data, including
both questions and sensors, allowing them to obtain the
information they prefer. Our scheduling language, which
is an enhanced version of the iCalendar standard, allows
participants to check when they need to provide feed-
back through their calendars, enabling them to match
their real-life schedules and improve their experience,
and consequently, the quality of their responses. For
scheduled events in the Calendar, we can set different
recurrence rules, defining the repeat pattern for differ-
ent types of data collection, namely questionnaires and
sensor collection. We propose a language for modeling
questions based on their type and recurrence rule, pro-
viding users with greater flexibility in answering and
establishing meaningful Human-Machine Interaction.
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Figure 1: The context model.

The remainder of this paper is structured as follows.
Section 2 presents the annotation context data collected
through our scheduling methodology, mainly five key
dimensions. Section 3 defines the BNFs of scheduling lan-
guage, we divide into three parts, which used to schedule
context collection. Section 4 reports on a case study that
demonstrates the feasibility of our system, and how it
can give the flexibility to the researchers. Finally, Section
5 concludes the paper.

2. Collecting Data about Context
The goal of asking questions or collecting sensor data
is to understand the personal context annotation from
a user. When discussing context, we consider both ob-
jective factors, such as time (measured through sensors),
and subjective factors, such as moods (reported through
self-reports), which together comprise what we refer
to as the annotation context. However, other studies
mainly collect context data through objective sources
[4, 5]. To improve the accuracy of context data collection,
it is necessary to address the inherent errors associated
with smartphone sensor data. Therefore, we also propose
obtaining answers and feedback from users directly to
obtain annotated data, that is, we collect annotation of
context data from two ways: Questionnaires and Sensors.
Two key factors may impact the quality of the collected
context data: the quality of the answers and the manner
in which contextual information is elicited from users.
In this paper, we focus on the latter and aim to establish
meaningful human-machine interactions for the collec-
tion of context data. The annotated context used in this
study is defined in [15, 16]. Specifically, our approach
considers five key dimensions of context, as shown in
Fig 1. Where: (1) WHEN, the temporal context, which de-
fines the time at which our questions are presented to the
user; (2) WHERE, the spatial context, which defines the
location of the user when they respond to our questions;
(3) WHAT, the event context, which defines the activities
in which the user is engaged when they respond to our
questions; (4) WHOM, the social context, which defines

the individuals with whom the user is interacting when
they respond to our questions; and (5) WITHIN, the in-
ternal context, which defines the emotional state of the
user when they respond to our questions.

3. Scheduling for Context Data
Collection

To improve the quality of personal context data, we pro-
pose using calendars to represent the activities that a
user is expected to respond to context data collections.
Different calendars can capture different aspects of a per-
son’s memory. For example, one calendar may record
socio-demographic information while another may track
event contexts. In this paper, we focus on using a single
calendar to describe the real-time context of a user. We
employ our own planning language data schema, rather
than strictly following to the iCalendar/RFC5545 stan-
dard 1. This novel approach to scheduling allows users
to choose when they are available to answer questions or
allow sensor collections, increasing their attention and,
consequently, improving the quality of their responses.
Here we use three BNFs to show the definition of our
scheduling language, shown as below.

• General scheduling as a calendar:

<User> := <{Calendar}> ;

<Calendar> := <calendarid, version,
{Context collection}> ;

<Context collection> := Question collection | Sensor
collection ;

Where: we set users as a part of our scheduling language,
each user can have multiple calendars for different pur-
pose. According to the iCalendar standard, each calendar

1https://www.ietf.org/rfc/rfc5545.txt



can containmultiple context collection events. We collect
context data through two ways, questions and sensors.

• Specific scheduling as question collections:

<Question collection> := <Qid, dtstart,
dtend, status,
RRule,
questionnaire> ;

<RRule> := <Interval, Count,
Frequency> ;

<Frequency> := Daily |Weekly |Monthly
| Yearly ;

<questionnaire> := <Questionnaire
id, Questionnaire
type, Questionnaire
category, question
relation,
{question}> ;

<QuestionnaireType> := Synchronic | Diachronic;
<QuestionnaireCategory> := Spatial context | Event

context | Social context
| Internal context;

<question> := <question id,
content, question
type> ;

<question type> := Dichotomous Question |
Multiple choice question
| Image Question | Free
Text Question;

Where: we handle question collection as an event in cal-
endars, with each question collection composed of a Qid
to indentify the questions, a Recurrence Rule (RRule), a
questionnaire, a status, and a time range specified by a
start and end time. The status field indicates whether
the event has been accepted by the user, with a value of
1 indicating acceptance and 0 indicating rejection. The
Recurrence Rule (RRule) specifies the values used to de-
termine each recurrence and how the event should be
repeated. The RRule includes three entity types: interval,
count, and frequency. The interval specifies the number
of frequency units that must elapse before the next oc-
currence of the event. The frequency defines the unit of
time for repetition, as daily, weekly, monthly, or yearly.
The count specifies the number of times the event will
be repeated. A questionnaire is composed of multiple
questions, a questionnaire_type, and a questionnaire_cat-
egory. These last two properties are used to explain and
differentiate between different questionnaires to users.
And for the definition of question_types, we follow the
inspiration in [17].

To illustrate our scheduling language in question col-
lection, we present a motivating example: To understand
the user’s activity, we choose to use a diachronic question-
naire, with the questionnaire_category belonging to event
context. To allow the user greater freedom in their response,
we set the type of question to be free text. We plan to send

the question to the user five times a day for ten days, by
setting an RRule with a frequency of daily, an interval of
10, and a count of 5.

• Specific scheduling as sensor collections:

<Sensor Collection> := <Sid, dtstart,
dtend, sensorRRule,
sensor> ;

<sensorRRule> := <Sinterval, Scount,
Sfrequency> ;

<Sfrequency> := Secondly | Minutely |
Hourly ;

<sensor> := <Name, Description,
Sensor_type> ;

<Sensor_type> := Social |Motion | Location
| Inertial | Device | Ambi-
ent;

Where: we handle sensor collection as an event in calen-
dars, with each sensor collection identified by a unique
Sid. Since the iCalendar standard’s RRule cannot handle
recurring events at the minute or second level for sen-
sor collection, we have defined a new entity type, the
sensorRRule, which is similar to the RRule in an event
but can handle recurrence at the secondly, minutely, and
hourly level. Sensor collection is specified by sensor
name, description, and sensor_type, which are also used
to inform the user of the reason for collecting this type
of sensor data. To illustrate our scheduling language as
sensor collection, we present another motivating exam-
ple: To understand the user’s social context, we collect data
from Bluetooth devices, which under the Social type in our
sensor_type classification. We plan to collect Bluetooth
information every minute for ten days, by setting a sensor-
RRule with a frequency of minutely, an interval of 1, and a
count of 14400.

4. Case Study
To validate the flexibility of our scheduling language for
researchers, as described above, we applied it to repre-
sent different types of events for collecting context data
(sensor collection and question collection) and time re-
currence rules in the WeNet program 2. This allowed
us to demonstrate the effectiveness of our approach in a
real-world scenario.

In the WeNet experiment, we use iLog to collect data,
this application has already been used to collect a signifi-
cant amount of data in several experiments [15, 18, 19].
In the WeNet experiment, we administered both syn-
chronic (close-ended questionnaires, like the questions

2See https://www.internetofus.eu/ for a detailed description of
the project plus the possibility of downloading the dataset.

https://www.internetofus.eu/


Figure 2: The example of using questions to collect context data.

Figure 3: The example of using sensors to collect context data.

about demographic context, e.g., What is your birth year?
Which gender were you born? ) and diachronic (time di-
aries questionnaires, like the questions about annotation
context, e.g., What are you doing? Where are you?, and
sensor data, e.g., Bluetooth, Accelerometer ) collections to
participants. In a diary study, data is collected in the
form of self-reported activity sequences over time. This
type of data is typically collected through self-completed
responses that allow individuals to record their activities
at fixed intervals. In total, we collected over 110,000 an-
swers from 318 student participants over a period of 28
days. Moreover, the data collection process followed a
protocol compliant with the EU General Data Protection
Regulation (GDPR).

As shown in Fig. 2, our scheduling language provides
researchers with greater flexibility in designing questions
with different frequencies using the RRule. In contrast,
previous research required researchers to design the fre-
quency of each question individually, as there was no
general methodology for generating recurrence rules.
Additionally, our scheduling language allows researchers
to design questions in their preferred manner, such as
free text or multiple choice. Sensor data is automatically
collected in the background without requiring user inter-
vention, from a pre-selected list of 56 sensors categorized
into six different types, as a simple example illustrated
in Fig. 3. Researchers are also given the flexibility to de-
sign the recurrence for sensor data collection and classify
sensors according to their intended use.

Furthermore, we enable participants to monitor the
feedback time through their research calendars. Al-
though we have enhanced the iCal standard, our new
scheduling language remains compatible with various
open-source packages that visualize calendars. For ex-
ample, SmartGWT3 is an open-source calendar that can

3https://smartclient.com

visualize events. This allows researchers to easily inte-
grate our scheduling language with existing tools and
systems to improve the user experience and enhance the
quality of context information. The calendar allows users
to align data collection events with their real-life sched-
ules and assess whether these events interfere with their
daily activities. In the future, we plan to provide users
with the ability to modify the timing of their responses to
better suit their preferences, and to improve the quality
of their responses. There are several papers demonstrate
how this data can be used. For example, [20] uses four
contextual dimensions data to predict individuals’ behav-
iors. This shows that our scheduling language is useful
for both collecting data and future data analysis.

5. Conclusion
This paper proposes a language for modeling the context
of data collecting and demonstrates its use in providing
a knowledge-level representation of data collected from
real experiments on time context. The language includes
different types of context collections ( question collection
and sensor collection) and time recurrence rules. The
BNF, defined based on the scheduling language, can be
used to collect data from the sensors and self-reports of
smartphones. Our case study shows that the scheduling
language can be applied in real experiments.
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