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Abstract
Mobile phones, being ubiquitous and always accessible, provide an oppor-

tunity for symbiotic interaction between humans and machines, enabling the
understanding of human behavior at any time and from any location through
sensor data. While sensor data offers an objective view of reality, it fails to
capture the subjective motivations behind an individual’s behavior; to learn the
subjective motivations, the general way is to ask context questions to the user.
However, a key problem was raised because the answers from people are al-
ways not of good quality. This thesis aims to solve the problem of inadequate
human input quality, typically marked by a high number of wrong answers, for
three personas: researchers, participants, and the platform. For researchers, the
thesis demonstrates how users’ reaction times before starting to respond sig-
nificantly affect answer quality, and it designs a comprehensive methodology
for enabling participants to provide high-quality input data. For participants,
it identifies optimal moments or situational contexts when they are most will-
ing to provide high-quality input data. For the platform, it designs a novel
system to automatically collect high-quality human input data, comprising a
smartphone application for sensor data and user feedback collection, a calen-
dar for human-machine collaboration configuration, a dashboard for qualitative
and quantitative experiment progress feedback, user-centric notifications, and a
machine-learning module (pbgc-Forest algorithm) to facilitate human-machine
interactions. This thesis paves the way for new opportunities in mobile user in-
terfaces and interaction technologies to enhance user experiences and improve
the quality and reliability of data collected from participants, ensuring more
accurate and meaningful research outcomes.

Keywords: Human-Machine interaction, Quality of user answers, Context,
Data quality, Mobile user interfaces.





Contents

1 Introduction 1
1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.2 Problem . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2

1.3 Solution . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

1.4 Contribution . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

1.5 List of publications . . . . . . . . . . . . . . . . . . . . . . . . 8

1.6 Structure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

2 State of the Art 13
2.1 Personal context . . . . . . . . . . . . . . . . . . . . . . . . . . 14

2.1.1 Context definition . . . . . . . . . . . . . . . . . . . . . 14

2.1.2 Context representation . . . . . . . . . . . . . . . . . . 15

2.1.3 Context application . . . . . . . . . . . . . . . . . . . . 16

2.2 Big-thick data research . . . . . . . . . . . . . . . . . . . . . . 18

2.2.1 Big data . . . . . . . . . . . . . . . . . . . . . . . . . . 18

2.2.2 Thick data . . . . . . . . . . . . . . . . . . . . . . . . . 19

2.2.3 Big-thick data . . . . . . . . . . . . . . . . . . . . . . . 19

2.2.4 Big-thick data collection platform . . . . . . . . . . . . 21

2.3 The quality of big-thick data . . . . . . . . . . . . . . . . . . . 22

2.3.1 Sensor data quality . . . . . . . . . . . . . . . . . . . . 22

2.3.2 Human input data quality . . . . . . . . . . . . . . . . . 24

2.3.3 Total survey error paradigm . . . . . . . . . . . . . . . 25

i



2.3.4 Measure answer quality . . . . . . . . . . . . . . . . . 26

3 Datasets 27
3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

3.2 The i-Log . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

3.3 Smart Unitn 2 . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

3.4 WeNet . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

4 Answer Quality Assurance 35
4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

4.2 Answer correctness chain . . . . . . . . . . . . . . . . . . . . . 36

4.3 The reaction time . . . . . . . . . . . . . . . . . . . . . . . . . 40

4.4 The completion time . . . . . . . . . . . . . . . . . . . . . . . 44

4.5 Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

4.6 Description of the results . . . . . . . . . . . . . . . . . . . . . 52

4.7 The chain effect of reaction and completion time on the answer
quality . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

4.8 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

5 High-Quality Answers Collection Methodology 59
5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

5.2 Context modeling . . . . . . . . . . . . . . . . . . . . . . . . . 61

5.3 Planning language . . . . . . . . . . . . . . . . . . . . . . . . . 64

5.4 The pbgc-Forest algorithm . . . . . . . . . . . . . . . . . . . . 72

6 Answer Quality Prediction 77
6.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77

6.2 Features . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

6.3 Answer quality variation by context . . . . . . . . . . . . . . . 82

6.4 Answer quality variation by human difference . . . . . . . . . . 88

ii



6.5 Answer quality variation by the number of daily questions . . . 92
6.6 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 96

7 A Configurable High-quality Big-Thick Data Collection Platform 99
7.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . 99
7.2 Overall platform . . . . . . . . . . . . . . . . . . . . . . . . . . 101

7.2.1 Logical architecture of the overall platform . . . . . . . 101
7.2.2 Description of components . . . . . . . . . . . . . . . . 103

7.3 Planner . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 106
7.3.1 Logical architecture of the planner . . . . . . . . . . . . 106
7.3.2 Evaluation . . . . . . . . . . . . . . . . . . . . . . . . 108

7.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 109

8 Conclusion 113
8.1 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 113
8.2 Discussion and limitation . . . . . . . . . . . . . . . . . . . . . 117
8.3 Future work . . . . . . . . . . . . . . . . . . . . . . . . . . . . 118

Bibliography 121

iii





List of Tables

3.1 Selected participants’ demographic information. . . . . . . . . . 32

4.1 Cox Regression model and Multilevel discrete time model with
random intercept on the reaction time. . . . . . . . . . . . . . . 42

4.2 Cox regression model and Multilevel model with random inter-
cept on the completion time. . . . . . . . . . . . . . . . . . . . 46

4.3 Chain of errors: Multilevel structural equation model and a
Structural Equation model. . . . . . . . . . . . . . . . . . . . . 50

5.1 Sample questions used in the WeNet project . . . . . . . . . . . 69
5.2 Sample sensor data collected in the WeNet project . . . . . . . . 71

6.1 Data types used in this survey. . . . . . . . . . . . . . . . . . . 79
6.2 Multilevel logistic regression prediction results of personality

traits. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86
6.3 Multilevel logistic regression prediction results of human values. 87
6.4 Prediction results of different machine learning classifiers. . . . 90
6.5 Set different model to test the most important features. . . . . . 90
6.6 Prediction results of pbgc-Forest classifier in the train set. . . . . 91
6.7 Prediction results of pbgc-Forest classifier in the test set. . . . . 91
6.8 Example for a part of the annotated dataset. . . . . . . . . . . . 93
6.9 Comparation of percentages of high-quality answers. . . . . . . 95

7.1 Prediction results of different machine learning classifiers. . . . 109

v





List of Figures

1.1 Simplified overview of the proposed solution. . . . . . . . . . . 7

2.1 Big-thick data explanation. . . . . . . . . . . . . . . . . . . . . 20

3.1 Hardware and software sensor data collected together with their
sampling rate. “On change” means that the value of the sensor
is collected only when it changes its value. . . . . . . . . . . . . 30

3.2 Time diary. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

3.3 Sample questions captured in the WeNet project . . . . . . . . . 34

4.1 The causal chain of the factors impacting the answer quality. . . 37

4.2 How does the reaction time impact the answer quality. . . . . . 48

4.3 How does the completion time impact the answer quality. . . . . 49

5.1 A motivating example for everyday life. . . . . . . . . . . . . . 63

5.2 A motivating example of situational context model. . . . . . . . 63

5.3 Experiment general schedule. . . . . . . . . . . . . . . . . . . . 66

5.4 Question collection. . . . . . . . . . . . . . . . . . . . . . . . . 67

5.5 Sensor data collection. . . . . . . . . . . . . . . . . . . . . . . 70

5.6 The architecture of pbgc-Forest model . . . . . . . . . . . . . . 73

6.1 Responses filled out on messages received during the day (in %). 83

6.2 The statistical result of answering questions within 30 minutes
at different places. . . . . . . . . . . . . . . . . . . . . . . . . . 84

vii



6.3 The statistical result of answering questions within 30 minutes
at different activities. . . . . . . . . . . . . . . . . . . . . . . . 84

6.4 The statistical result of answering questions within 30 minutes
at different interact persons. . . . . . . . . . . . . . . . . . . . . 85

6.5 The statistical result of answering questions within 30 minutes
at different moods. . . . . . . . . . . . . . . . . . . . . . . . . 86

7.1 Overall platform architecture. . . . . . . . . . . . . . . . . . . . 102
7.2 ISAC architecture. . . . . . . . . . . . . . . . . . . . . . . . . 104
7.3 Calendar architecture. . . . . . . . . . . . . . . . . . . . . . . . 105
7.4 Dashboard architecture. . . . . . . . . . . . . . . . . . . . . . . 106
7.5 Planner architecture. . . . . . . . . . . . . . . . . . . . . . . . 107

viii



Glossary

Annotation: The label pertains to data derived from sensors, which serve to
enrich the content of this sensor and enhance its design, validation, and user in-
teraction. Such labels are characteristic of Human Activity Recognition (HAR)
methodologies and are typically generated by experts who annotate sensor databases.

Answer Quality: In this context, answer quality refers to the inaccuracies in an-
swers provided by humans to questions automatically dispatched by machines.
However, in contemporary AI research, quality is often quantified by the num-
ber of missing answers. This thesis, conversely, focuses on ensuring participants
provide correct answers that accurately reflect the real-world context surround-
ing them. By doing so, machines can better learn and understand the world,
ultimately aiding participants in adopting improved lifestyles.

Big Data: Generally, the term refers to datasets that are too vast or complex
to be managed using traditional approaches and software. In our context, Big
Data encompasses all currently produced data surrounding an individual, start-
ing from social media streams (posts, photos, messages), extending to sensor
data used to observe and measure human behavior (e.g., smartphone GPS), and
including data from phone applications, streaming services, e-commerce plat-
forms, and more. At the same time, the primary argument of this thesis is that
such data fails to fully capture the individual within their context; big data can
not capture the motivations behind each individual’s behavior.

Context: Context should encompass all that surrounds an individual in their
daily life, as perceived from the person’s perspective and other information
sources. This thesis begins with the premise that the individual is the foremost
expert on their own context, given their immersion and capacity to describe
it. At any given moment and location, a person can typically recount where
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they were, what activities they were engaged in, who accompanied them, and
their emotional state. Additionally, contextual information can be augmented
through other sources, such as sensors and databases pertinent to the observed
situation. The continuous interaction between these two information sources
over time delineates the individual’s situational context. This concept facili-
tates the quantitative generation of Big Data and Thick Data.

ESM: The Experience Sampling Method (ESM), also known as the daily diary
method or Ecological Momentary Assessment (EMA), represents an intensive
longitudinal research methodology. This approach relies on queries, including
questions and psychometric scales, to assess participants’ thoughts, feelings, be-
haviors, and environments at multiple points over time. Unlike cross-sectional
or traditional longitudinal studies, the ESM approach provides real-time obser-
vations of individuals’ behaviors (e.g., identifying specific times of day when a
person experiences particular emotions or tracking the progress of therapy) with
greater granularity, reflecting daily life contexts. However, the ESM method
does not incorporate sensor data (e.g., GPS) or potential interactions with these
sensors. Consequently, ESM fails to account for various aspects of daily life and
their interactions with individuals. Moreover, its prolonged application may in-
creases participant burden and leads to annoyance and lower-quality responses.

GDPR: Regulation (EU) 2016/679 of the European Parliament and of the Coun-
cil of 27 April 2016 on the protection of natural persons concerning the pro-
cessing of personal data and on the free movement of such data, and repealing
Directive 95/46/EC (General Data Protection Regulation). In this thesis, all the
experiments we ran follow the GDPR.

Human-in-the-loop: The notion of human-in-the-loop lacks a precise defini-
tion in existing literature. We define it as a (symbiotic) type of human-machine
collaboration where:

• The machine assists the user in her daily life in various ways, such as
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suggesting tasks, reminding her of duties, and autonomously reacting to
external inputs.

• The human aids the machine in understanding her life, including personal
and reference contexts, based on the data collected by the machine. This
assistance involves the human providing semantic interpretations of the
collected data, an extensive form of what is known in machine learning as
human supervision, which facilitates supervised learning.

• The machine helps the human by proactively seeking assistance when
needed, as the human typically remains unaware of the machine’s diffi-
culties unless informed. This represents a novel domain in the design of
human-machine interactions.

I-Log: i-Log is an innovative application developed by the KnowDive group
within the Department of Information Engineering and Computer Science at
the University of Trento. Its primary purpose is to collect data for research
with the user’s informed consent. i-Log leverages the smartphone’s internal
sensors to gather data and dispatches context-sensitive questions to users. The
final objective is to analyze user habits, enabling the provision of personalized
services and the creation of valuable research datasets for future studies.

Sensors: A sensor is defined as any device that autonomously detects a physi-
cal phenomenon and generates a corresponding signal as output. In our experi-
ment, we specifically refer to sensors that monitor an individual’s daily life and
their interactions with the environment. Consequently, the primary examples
of sensors are those integrated into smartphones, as collected by i-Log, given
their ubiquitous presence. These sensors facilitate the observation of physical
phenomena such as movement (e.g., GPS, accelerometer), atmospheric and en-
vironmental conditions (e.g., temperature), and the individual’s interaction with
their device (e.g., number and type of applications used, screen touch events).
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Additionally, other devices, such as smartwatches that track biometric informa-
tion (e.g., heartbeat), and various IoT home automation sensors, are considered.
Therefore, the data from these sensors can contribute to the generation of quan-
titative Big Data.

Thick Data: Different from big data, the term of thick data refers to qualita-
tive data that offers insights into the context, moods, and social dynamics that
quantitative data alone cannot provide. In our context, Thick data encompasses
in-depth, narrative-rich information that reveals the underlying motivations, per-
ceptions, and cultural nuances of individuals. It goes beyond surface-level
metrics, capturing the stories and experiences behind human behavior through
methods like ethnography, interviews, and participant observation. Unlike big
data, which provides broad, numerical insights, thick data dives deep into un-
derstanding the ’why’ behind actions and decisions, providing a richer, more
contextualized picture of individuals in their environments. The primary argu-
ment of this thesis is that while big data offers extensive breadth, thick data
provides essential depth, enabling a more comprehensive understanding of in-
dividuals within their unique social and cultural settings.

Time Diary: Similar to the Experience Sampling Method (ESM), the Time
Diary approach is a subset of daily diary methods. It is specifically designed
to capture an individual’s daily activities, considering various aspects such as
location, activities, and companions throughout the day. This approach is par-
ticularly relevant for understanding citizens’ habits and the challenges they en-
counter daily. Consequently, it is employed by social research institutes such as
EUROSTAT and ISTAT in Europe and Italy. In our case, the Harmonized Euro-
pean Time Use Surveys (HETUS) standard (or the American Time Use Survey,
ATUS, in the United States) is used to pose daily questions on the key aspects
of an individual’s context.
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Chapter 1

Introduction

1.1 Motivation

Smartphones have become an integral part of our daily lives, enabling us to
receive notifications and respond to them anytime and anywhere [159]. Numer-
ous studies have illustrated how predictable various aspects of human behavior
are through smart devices, including research on mobility [34, 85, 174, 51, 5],
social interactions [60, 59], and preferences for favorite places [6] and friends
[134]. Contextual information has been shown to be valuable in applications
such as health and physical activity monitoring [148, 102, 208, 207], mental
health monitoring [195, 197, 210], and elderly care [122, 20, 198, 209], as well
as in predicting individual behaviors and traits [56, 90, 196, 145]. The challenge
in this context is to develop high-quality characterizations of this information
[117]. Early and recent work on the general topic of context recognition include
studies such as [21, 156, 92, 182, 96] and [149, 189, 190, 33]. However, many
such studies have primarily focused on the use of sensor data alone. This focus
has led to various types of errors, most notably in terms of data validity, the
accuracy of the indicators measuring the phenomenon, and data completeness,
where missing data should ideally occur randomly rather than systematically.

Smartphone sensors are widely used to collect data, which, in turn, provide
features that allow us to comprehend the world [211]. This type of data is often
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termed as big data [52], see the top-left of Figure 2.1. The main limitation is
that, while sensors provide an excellent objective representation of reality, they
do not account for the subjective motivations behind an individual’s activities.
On the other hand, thick data, defined in [27], is a class of data sources that
align with ethnographically collected and meticulously analyzed observational
data, middle-right part of Figure 2.1. Essentially, while big data provides large-
scale quantitative insights, thick data delivers qualitative insights into human
behavior, experiences, and motivations. When both are integrated, termed as
big-thick data, they render a more holistic view of human needs and preferences
to machines, see the top-right corner of Figure 2.1.

Recognizing that human behavior is based on individuals’ subjective per-
ceptions of their current context, which is learning from the big-thick data. A
few studies have centered the role of context in their analyses [214]. Which
use sensor data as additional, albeit crucial, information. They demonstrate that
when a user provides a subjective description of their current context, any target
modality (e.g., location or activity) becomes significantly more predictable by
also incorporating information from other modalities (e.g., time, user character-
istics, social ties). This opens up the possibility for machines to gather infor-
mation and learn about every aspect of a person’s daily life, with high-impact
applications across research areas focusing on the flow of individual behaviors
and thoughts [98, 202] and the ecology of human development [35]. Examples
of such applications include medical behavior [180], clinical psychology, social
sciences, human-computer interaction, and more recently, human-in-the-loop
AI [26].

1.2 Problem

Accurately capturing human behavior based on big-thick data necessitates ac-
tive collaboration between users and machines. However, a significant limi-
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tation is the inaccuracy of human input, as discussed in [100, 193]. Frequent
notifications from smartphones can be particularly intrusive, especially when
they interrupt users during active periods, leading to annoyance and decreased
efficiency in work and study [155]. For instance, when an individual receives a
notification while driving or in a meeting, they cannot provide immediate feed-
back, which poses a problem since people may not accurately recall their be-
havior at the time of receiving the notification. Another major challenge is that
machines require users to answer a high volume of questions, often resulting in
low-quality responses [133]. Existing methods rely on fixed or random sched-
ules, which may not align well with participants’ availability or willingness to
respond [214, 26], thus diminishing the effectiveness of human-AI collabora-
tion. To collect accurate big-thick data, which we can call collecting big-thick
data with high quality, for understanding human behavior, the key problem is
the absence of a platform capable of collecting high-quality big-thick data by

understanding participants. This primary issue leads to four subsequent prob-
lems based on different personas, namely, researcher, participant, and platform.

The problems from researcher’s perspective are as follows:

• Problem 1: Despite extensive research aimed at collecting human behav-
ior data via sensors and questionnaires, there is currently no standard for
determining the quality of human input data, especially during the data
collection process.

• Problem 2: Currently, there is no comprehensive methodology that helps
researchers design experiments to enable participants to provide high-quality
input data.

The problem from participant’s perspective is as follows:

• Problem 3: Participants often receive context questions about their daily
behavior at any time, which can lead to annoyance as their daily routines
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are disrupted by numerous notifications. Bailey et al. [14] found that when
peripheral tasks interrupt the execution of primary tasks, users require 3%
to 27% more time to complete tasks and experience 31% to 106% more
annoyance. Therefore, it is crucial to identify the optimal moments, or
situational contexts, when participants are most willing to provide high-
quality input data.

The problem from platform’s perspective is as follows:

• Problem 4: There are numerous research platforms that collect and pro-
cess sensor and human input data from smart devices, aiming to gather
big-thick data. However, these platforms often overlook the quality of
the data they collect, focusing instead on quantity. As a result, there is a
pressing need for a novel system or platform that not only collects suffi-
cient data but also ensures high-quality data by understanding participants’
daily behaviors and answer patterns.

Given the above challenges, it is crucial for humans to collaborate with AI
machines. Initially, humans assist machines in learning their context informa-
tion and answer behavior, and subsequently, the machine can help minimize an-
noyance by optimizing the timing of notifications. This necessitates designing
a methodology to identify the key factors that impact human input data qual-
ity, and then indicate in which situational contexts humans consistently provide
high-quality input data. In essence, the goal is to ensure that humans are not
disrupted by intrusive notifications, thereby fostering a more seamless and pro-
ductive interaction between humans and AI.

1.3 Solution

To deliver a platform that can automatically collect high-quality big-thick data
and ensure alignment between machine perception of human behavior and hu-
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man description over the lifespan of the AI, the key challenges to consider are:

• Data Accuracy: Ensuring that the data collected is accurate and reliable,
minimizing errors and inconsistencies.

• Context Understanding: Capturing both objective sensor data and subjec-
tive human input to fully understand the individual’s context.

• Scalability: Designing the platform to handle large volumes of data and a
wide range of contexts efficiently.

• Interdisciplinary Integration: Combining insights from various fields to
develop a comprehensive understanding of human behavior.

• Adaptive Learning: Enabling the AI to continuously learn and adapt to
changes in human behavior and context over time.

• User Interface: Creating an intuitive and user-friendly interface to facilitate
seamless interactions between users and the AI.

It is fundamental that the machine comprehends the situational contexts in
which participants provide high-quality input data. Therefore, the research ob-
jective of this thesis is to develop a configurable platform that enables the auto-

matic collection of high-quality big-thick data from participants while ensuring

minimal disturbance from the AI system. To achieve this, our platform and
methodology must address the aforementioned problems with the following so-
lutions:

• Solution 1: Identify key factors that impact human input data, ensur-
ing these factors are easily calculable during the data collection process,
thereby providing an intuitive impression of data quality. This solution
will be handled in Chapter 4.
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• Solution 2: Design a novel methodology with a machine learning algo-
rithm that can continuously and automatically learn the answer behavior of
participants while achieving high performance in predicting the moments
when participants are most likely to provide high-quality input data. Also,
develop a novel language that offers flexibility for researchers to design
questions and sensor collections for gathering big-thick data while provid-
ing participants with enhanced flexibility in responding to questions. This
solution will be handled in Chapter 5.

• Solution 3: Based on the descriptive statistics and machine learning meth-
ods to determine the situational contexts and the number of questions in
which users are most likely to provide high-quality answers. This solution
will be handled in Chapter 6.

• Solution 4: Create a configurable platform that enables the collection of
high-quality big-thick data from participants while ensuring minimal dis-
turbance from the AI system. This solution will be handled in Chapter
7.

1.4 Contribution

Our goal is to design a platform that can learn from human input data to find a
way for individuals to provide high-quality data. We aim to predict answer qual-
ity based on the user’s context at any given moment, using data streams from
their smart devices. Figure 1.1 provides a simplified overview of the scenario.
The input data from participants is obtained from sensors and their responses to
questions. Our AI system, named Planner, can learn each participant’s answer
behavior and daily routine to devise a strategy for sending questions that elicit
high-quality answers while minimizing disruptions to their daily lives. Specifi-
cally, the contributions of this work are as follows:
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Figure 1.1: Simplified overview of the proposed solution.

1. Demonstrating that long reaction and completion times can lead to low
answer quality, and the reaction time is the key factor that can impact the
human input data quality. Thereby introducing a novel parameter that pro-
vides a visual reference for both researchers and participants during the
data collection process.

2. Developing a situational context model to analyze human behavior from
five different dimensions, namely temporal context, spatial context, inter-
nal context, object context, and social context. We found that participants
are more likely to provide high-quality answers when in a negative mood,
in settings such as a university, library, or home, while using social media
applications or during public transportation, and when spending time with
family or alone.

3. Defining a planning language based on the iCalendar standard that offers
flexibility in designing recurrence rules for sending questionnaires to users.
This flexibility, via the calendar, also allows users to adjust the answer
times for each questionnaire.

4. Designing a novel machine learning algorithm named pbgc-Forest, which
combines the advantages of deep forest and PCA, to enhance the planner
component’s ability to accurately predict the moments when participants
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are most likely to provide high-quality answers.

5. Designing a strategy to optimize the number of questions to obtain high-
quality answers while minimizing interruptions. Our results show that pre-
senting ten questions per day maintains the highest quality of answers,
minimizing potential disruptions to participants’ daily routines and maxi-
mizing high-quality responses.

6. Creating a user-friendly platform that integrates sensor data collection and
user feedback. This platform includes a machine learning model named
Planner, which learns individual participants’ answer behaviors and daily
routines. We demonstrate the effectiveness of our approach through case
studies.

By achieving these objectives, we hope to enhance the quality of data col-
lected from participants, ultimately contributing to more accurate and meaning-
ful research findings.

1.5 List of publications

This thesis is mainly based on the following publications:

• Ivano Bison, Haonan Zhao. Factors Impacting the Quality of User An-

swers on Smartphones [C]. The Workshop on Diversity-aware Hybrid Human-
Artificial Intelligence: HHAI conference workshop. 2023.
https://ceur-ws.org/Vol-3456/short5-2.pdf

• Haonan Zhao, Fausto Giunchiglia. Scheduling Real-Time Acquisition of

Context Information [C]. European Conference on Artificial Intelligence:
ECAI conference workshop. 2023.
https://mrc.kriwi.de/2023/download/paper-1-2.pdf
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• Ivan Kayongo, Haonan Zhao, Leonardo Malcotti, Fausto Giunchiglia. A

Methodology and System For Big-Thick Data Collection [C]. Informatik
Festival. 2024.
https://dl.gi.de/server/api/core/bitstreams/346e0026-1454-4bf5-81cd-3ccca1cbed61/
content

• Andrea Bontempelli, Marcelo Rodas Britez, Xiaoyue Li, Haonan Zhao,
Luca Erculiani, Stefano Teso, Andrea Passerini, and Fausto Giunchiglia.
Lifelong Personal Context Recognition [C]. The First International Work-
shop on Human-Centered Design of Symbiotic Hybrid Intelligence co-
located with The First International Conference on Hybrid Human-Artificial
Intelligence (HHAI). 2022
https://arxiv.org/abs/2205.10123

• Ivan Kayongo, Leonardo Malcotti, Haonan Zhao, Fausto Giunchiglia. A

methodology and a platform for high-quality rich personal data collection

[J]. AI Communications Journal 2025. (Accepted)
https://arxiv.org/pdf/2501.16864

• Haonan Zhao, Ivano Bison, Fausto Giunchiglia. What Impacts the Qual-

ity of the User Answers when Asked about the Current Context? [J]. the
Proceedings of the ACM on Interactive, Mobile, Wearable and Ubiquitous
Technologies (IMWUT), 2025. (Ready to submit)

• Haonan Zhao, Xiaoyue Li, Matteo Busso, Ivano Bison, Fausto Giunchiglia.
Leveraging Personality Traits and Context in Mood Prediction. [C]. Euro-
pean Conference on Artificial Intelligence: ECAI conference, 2025. (Ready
to submit)
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1.6 Structure

Despite the abundance of data about people and some research on human be-
havior, uncertainties about the quality of human input data and the absence of
fundamental variables hinder accurate big-thick data representation. By con-
sidering individuals’ perspectives on their contexts, it is possible to generate
meaningful information that fosters advanced research and new applications.
However, while these statements are attractive in theory, they require scien-
tific and interdisciplinary operationalization and validation. Currently, there
is no end-to-end methodology capable of handling high-quality big-thick data.
Therefore, a method is needed to put theory into practice.

The main contribution of this thesis is a methodology that identifies factors
indicating the quality of human input data during experiments. Additionally,
it introduces a platform for automatically collecting high-quality personal big-
thick data for future use. We show the structure of this thesis as follows:

Chapter 2 presents the current state of the art in the field of personal context,
as our goal is to thoroughly understand human behavior. To achieve this, we
begin by examining how researchers have designed models to represent human
behavior. Following this, we analyze current applications used to collect context
information, referred to as big-thick data, and explore the methods employed in
existing research to evaluate the quality of this data.

Chapter 3 describes the two databases we used in this thesis, namely the
databases collected from the Smart Unitn 2 and WeNet projects. First, we pro-
vide an overview of the i-Log application, the smartphone app used to collect
big-thick data. Then, we detail the two datasets, including the length of the ex-
periments, the sensors used for data collection, and the questions asked to the
participants.

Chapter 4 describes how we can identify the key factors that monitor hu-
man answer quality, specifically reaction time and completion time during the
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question-answering process. Initially, we draw inspiration from the total sur-
vey error paradigm and then employ statistical analysis methods to demonstrate
the relationship between answer quality and reaction time. We use GPS co-
ordinates as a verification method. The results show that reaction time and
completion time are factors that can be easily collected during the experiment
and have a direct relationship with human answer quality. By analyzing these
factors, we can better understand and improve the quality of data collected from
participants, ensuring more accurate and reliable research outcomes.

Chapter 5 outlines our methodology for assessing human answer quality,
which includes the design and presentation of personal context. Through per-
sonal context, we collect big-thick data that represents human behavior. We
then demonstrate our planning language, which is used to represent temporal
context information and provide flexibility for recurring question collection.
Finally, we delve into the specifics of the pbgc-Forest algorithm, the central el-
ement of this thesis, which enables the future platform to gather high-quality
human responses automatically.

Chapter 6 demonstrates the practical application of our methodology in the
real world. We present three case studies to illustrate how our methodology
enhances the quality of answers collected from participants when asked context
questions. Firstly, we explain how understanding situational context increases
the likelihood of obtaining high-quality responses and identify the specific sit-
uational contexts in which participants can provide high-quality answers. Sec-
ondly, we use machine learning algorithms to validate our results, showing that
human differences also significantly impact answer quality. Thirdly, we demon-
strate that reducing the number of questions and timing them appropriately can
lead to higher-quality responses.

Chapter 7 details the design of our platform that can autonomously collect
high-quality personal big-thick data. This chapter outlines the overall architec-
ture of the platform, highlighting how each component collaborates to ensure

11



its functionality. Firstly, we provide an overview of the four main components
of the platform, namely, ISAC, Dashboard, Calendar, and Planner. The last
one is the central element of this thesis. It uses advanced algorithms, includ-
ing pbgc-Forest, to learn from participants’ behavior and situational context,
optimizing the timing and delivery of questions to gather high-quality human
responses. The chapter delves into how these components collaborate to create
a seamless and efficient data collection process. By integrating these elements,
our platform aims to minimize disturbances to participants while maximizing
the quality of the data collected.

Finally, Chapter 8 discusses the ethical and societal implications of this work
and outlines future research directions. Which also concludes by summarizing
the main contributions of this thesis and addressing its limitations.
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Chapter 2

State of the Art

The objective of this thesis is to find an appropriate context for eliciting high-
quality answers to the context questions. So, Section 2.1 first explores the con-
cept of context, with an emphasis on personal context, which can be the key
parameter to impact if a person can give an answer with high quality. This sec-
tion is organized into three parts: the definition of context, the representation of
context, and the application of context in various areas. Subsequently, Section
2.2 addresses the collection of context data, which is bifurcated into big data
(smartphone sensor data) and thick data (human input data). The methodology
and platforms for collecting both big data and thick data will then be examined.
Finally, Section 2.3 reverts to the core topic, focusing on the quality of big-thick
data. This section encompasses a discussion on the state-of-the-art techniques
for analyzing the quality of sensor data and human input data, the application
of the total survey error paradigm by sociologists to evaluate human answer
quality, and the methods employed by AI researchers to assess human answer
quality.
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2.1 Personal context

2.1.1 Context definition

Approximately thirty years ago, Schilit et al. [165] introduced the concept of
context, defining it as “locations, identities of nearby individuals and objects,
and changes to those objects.” Similarly, Brown et al. [36] depicted context
as “locations, varying user roles, time, seasons.” In addition, Dey et al. [55]
defines context as closely aligned with our understanding: “the user’s physi-
cal, social, emotional, or informational states.” Dey and Abowd [4] define the
context in a more comprehensive manner. They state that “context is any in-
formation that can be used to characterize the situation of an entity. An entity
is a person or object that is considered relevant to the interaction between a
user and an application, including the user and applications themselves.” How-
ever, to define context, we require a context model that can address the dynamic
and open-ended nature of the world, capable of defining environments and con-
cepts. Consequently, we adopt the context definition from Giunchiglia et al.
[74], which models context as a local view centered around the individual and
comprises the following four dimensions:

• Activity: this refers to the primary activity that the person, around whom
the context is centered, is performing. This is derived from the question
“what are you doing?”, e.g., studying and sleeping.

• Location: this represents the main location where the person is currently
situated, answering the question “where are you?”, e.g., home, university
and in street.

• Social: this includes the individuals who are part of the current environ-
ment, answering the question “who are you with?”, e.g., colleagues, class-
mates and parents.
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• Object: this encompasses the objects that are in the vicinity or being used
by the person, answering the question “what are you with?”, e.g., com-
puter, pens and books.

Based on the aforementioned definitions, it is apparent that human responses to
the four questions exhibit subjectivity; thus, context modeling should be person-
centric. Consider the following scenario:

The instructor’s interaction with high school students within the classroom

setting exemplifies a complex model, which is inherently dependent on the ob-

server’s perspective. The spatial context diverges: for the instructor, the class-

room is a professional domain, whereas for the students, it serves as a learn-

ing environment. This dichotomy demonstrates that a single environment can

embody multiple roles contingent upon the viewpoint. Regarding activities, stu-

dents assume the role of listeners, while the instructor actively disseminates

information via the blackboard. Each participant engages with specific tools:

the instructor employs chalk for board writing, whereas students use pens for

note-taking. Such previous contextual subjectivity is encapsulated through tele-
ologies, as explicated in [77]. Contextual elements are classified into objects,
functions, and actions. Objects are tangible and finite entities such as buildings,
individuals, and vehicles. Functions denote the intended utility from the user’s
perspective, while actions encompass the dynamic transitions objects undergo
to fulfill these functions.

2.1.2 Context representation

From the above section, we know how to define context, and the following step
is to represent context. In this part, we find that the schema and data levels of
the knowledge graph proposed in previous works by Giunchiglia et al. [79].
Based on these notions, we model the personal context as the Entity type graph
(ETG). The ETG is the schema that defines the relation between the different
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concepts, namely objects, functions, and actions. A lot of literature exists on
the definition of ETG, e.g., [124, 78].

Also, in recent years, a new concept has been introduced in the context of
knowledge representation: the Entity-Topic Graph (ETopicG), which plays a
crucial role in organizing and structuring information. The ETopicG focuses
on the relationships between entities and their associated topics, providing a
high-level view of the knowledge domain [126]. On the other hand, the Entity
Graph (EG) delves into the detailed connections between entities, capturing the
intricate web of relationships and attributes. By combining these two represen-
tations, researchers can achieve a comprehensive and nuanced understanding of
the knowledge space, facilitating advanced applications in areas such as seman-
tic search, information retrieval, and knowledge discovery [126].

Recent studies have further explored the potential of ETopicG and EG in
various applications. Loureiro et al. [126] proposed a novel approach for topic
modeling using entity-based topics extracted from large language models and
graph neural networks. Their work demonstrates how ETopicG can be lever-
aged to uncover latent structures within a corpus of text, leading to more coher-
ent and interpretable topics. Additionally, the concept of EG has been applied
in the field of database management, where it is used to optimize query perfor-
mance by defining templates for related persistence fields. This approach allows
for more efficient data retrieval and improved application performance.

2.1.3 Context application

Context in Machine Learning: Recent advancements in machine learning
have introduced innovative approaches to context representation. Yang et al.
[205] investigated the training dynamics of transformers in their work. They
demonstrated how transformers can learn contextual information to generalize
to unseen examples and tasks. Also, Munguia-Galeano et al. [137] proposed a
framework called Iota explicit context representation (IECR) for discrete envi-
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ronments. This framework uses contextual keyframes to extract functions rep-
resenting the affordances of states, significantly improving learning efficiency.
Recently, Qian and Yin [147] introduced a novel model for semi-supervised
node classification. Their model captures both local and global dependencies
between nodes using graph convolution networks and an improved transformer
model, demonstrating superior performance on various open datasets. In re-
inforcement learning, context-specific representation abstraction has also been
explored. Abdulhai et al. [2] discussed how abstracting state representations
based on context can improve the learning efficiency of deep options in rein-
forcement learning.

Context in Human Computer Interaction: Context representation in Human-
Computer Interaction (HCI) plays a pivotal role in enhancing the user experi-
ence by adapting interactions based on the user’s environment and situation.
Makkonen et al. [128] discuss various methodologies and state-of-the-art re-
search in context awareness, highlighting its increasing importance in future
HCI applications. Chamberlain et al. [45] provides a comprehensive frame-
work that distinguishes between intrinsic and extrinsic contextual factors, which
is crucial for analyzing human-computer communication. An extensive body of
work exists on the use of context representation in activity recognition through
sensor data. For instance, various studies provide insights into users’ activities
[54], manage evolving data streams [1], and operate effectively even in out-of-
the-lab settings [62], all aiming to recognize the context [190]. Mobile sensing
research delves into diverse applications such as the investigation of social in-
teractions [157], the recognition of flu-like symptoms [17], and the detection of
eating events [16].
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2.2 Big-thick data research

2.2.1 Big data

The concept of big data emerged with the explosive increase in digital records
from smart devices. It is characterized by its massive Volume, high Velocity,
and Variety of data forms, known as the three Vs. AI research has extensively
analyzed big data to reveal patterns, particularly relating to human behaviors.
For instance, human activities can be predicted using motion or inertial sensors
(e.g., accelerometers and gyroscopes) [37, 151]. In-vehicle sensors, in con-
junction with roadside infrastructure, such as cameras and sensors, have been
employed in intelligent transportation systems [89].

Big data facilitates computational and predictive analytics that far exceed
human cognitive capabilities, but it does not undermine the importance of hu-
man observation within contexts. Big data is commonly too thin to describe
many interesting aspects of people. Recent studies have highlighted the need
for integrating big data with human insights to achieve more comprehensive
and accurate models. For example, Blank [23] emphasized the limitations of
big data in capturing the richness of human experiences and the necessity of
contextual understanding. Moreover, integrating big data with machine learn-
ing techniques has shown promising results in various domains. Guerrero et
al. [89] demonstrated the use of in-vehicle and roadside sensors for intelligent
transportation systems, showcasing the potential of big data to improve traffic
management and safety. Additionally, Sheikh et al. [169] explored the applica-
tion of wearable sensors for health monitoring, highlighting the role of big data
in personalized healthcare. In summary, while big data offers powerful tools for
analysis and prediction, it must be complemented with human observation and
contextual understanding to fully capture the complexity of human behaviors
and experiences.
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2.2.2 Thick data

Differently, thick data is derived from observations of the contexts in which
human behaviors occur, such as people’s interviews and self-reports. Thick
data enables researchers to understand and reflect upon the scenarios where
people are [27]. This approach, often referred to as thick description, was first
introduced by Gilbert Ryle [161] and further developed by Clifford Geertz [72].
Thick description involves providing detailed narratives and interpretations of
observed situations, capturing the cultural, social, and emotional contexts that
influence human behavior.

Recent studies have highlighted the value of thick data in complementing
big data. For instance, Blank [139] emphasized the limitations of big data in
capturing the richness of human experiences and the necessity of contextual un-
derstanding. Thick data, collected through ethnographic research methods such
as participant observation, in-depth interviews, and focus groups, provides in-
sights into the nuances of human behavior that cannot be captured by big data
alone. Recently, Mortati et al. [136] revealed the core role of thick data in the
definition of fuzzy problems through case studies of 8 design thinking projects.
Moreover, thick data is particularly useful in fields such as user experience de-
sign, where understanding the context of user interactions is crucial for creating
intuitive and effective interfaces. By combining the quantitative insights from
big data with the qualitative richness of thick data, researchers can develop a
more comprehensive understanding of human behavior and design better solu-
tions to meet user needs.

2.2.3 Big-thick data

Up to this point, we have known big data and thick data; this section focuses on
the integration of these two into big-thick data.

Figure 2.1, which is adapted from [27, 84], illustrates the Cartesian plane on
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Figure 2.1: Big-thick data explanation.

which various data and data sources pertaining to individuals are plotted. The
plane is divided into four quadrants: thin and thick, big and small. Big-thin
data sources occupy the top-left corner of the coordinate system, characterized
by their vast quantity but limited contextual depth. Examples include datasets
generated from sensors, such as GPS location data, which are plentiful but lack
the perspective of the individual. In contrast, at the bottom-right corner, small-
thick data are collected through traditional social science methods and tools,
including participant observation, ethnography, interviews, and questionnaires
(arranged from the thickest to the thinnest). However, these data types may lack
objective information to corroborate subjective insights.

The top-right quadrant introduces big-thick data, which focuses on integrat-
ing ethnographically collected thick observational data. This blending approach
merges the extensive coverage of big data with the contextual richness of thick
data, providing a more comprehensive and nuanced understanding of human
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behavior and interactions.
The integration of big data and thick data into big-thick data represents a

comprehensive approach to understanding human behaviors and societal trends.
This merging leverages the vast, quantitative insights derived from big data:
characterized by its volume, velocity, and variety: with the deep, qualitative
insights obtained from thick data, which involves contextual, ethnographic ob-
servations and narratives. Bornakke and Due [27] proposed the “Big–Thick
Blending” method, which combines analytical insights from both big and thick
data sources to provide a richer understanding of human behaviors. Hong et al.
[97] demonstrated the value of this approach in urban science and smart city
governance, while Smets and Lievens [173] explored human sensemaking in
smart cities by integrating big and thick data.

2.2.4 Big-thick data collection platform

Currently there are various research platforms exist that collect and process sen-
sor and human input data from smart devices. For example, Ranjan et al. [152],
using wearable devices and smartphone technologies, developed RADAR-base,
a platform for mHealth with data aggregation, study management, and real-time
visualization capabilities for monitoring major depressive disorder, epilepsy,
and multiple sclerosis. Thanos et al. [176] introduced a knowledge-driven
framework to enhance the efficacy and efficiency of healthcare through remote
and intelligent assessment. It comprises a rule-based strategy to detect health-
related problems from wearable lifestyle sensor data, adding clinical value to
follow-up and intervention decisions. DemaWare2 [175] is another context-
aware fusion system that employs OWL 2 as its knowledge representation and
reasoning language. Raw sensor data, audio, and images are analyzed and pro-
cessed, represented semantically, and interpreted.

Authors in [171] use a combination of sensors from mobile and wearable
smart devices to detect bad habits. They use sensor data from wearable devices
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and the position of the smartphone to recognize the user’s actions and context,
and to determine when to provide feedback. Aware [63], built on top of Beiwe
[141], is an additional open-source mobile platform for generating user contexts
from sensor data from smart devices and human digital questionnaires. Karl et
al. [3] track a user’s digital footprint by combining virtual and physical sensors
from mobile devices to infer digital memories of the user’s activities and then
constructing an episodic memory by applying semantic reasoning to aggregate
these activities.

Within our KnowDive group from the University of Trento, Italy, we have
pioneered the development of an advanced application termed i-Log [212]. This
innovative tool is engineered to amass substantial, high-dimensional data, and
detailed data collection was upon user consent. i-Log harnesses the smart-
phone’s intrinsic sensors to gather data and deploy context-sensitive inquiries
to users. The overarching objective is to analyze user habits, enabling adaptive
personalized services and generating valuable datasets for subsequent research.
Publications [81, 80] elucidate the deployment and data acquisition efficacy of
i-Log across diverse studies. Presently, i-Log is compatible with both Android
and iOS platforms, albeit with varying sensor data collection capabilities. The
unique ability to integrate user responses with sensor data delineates i-Log from
existing tools (refer to [193, 159, 112] for a comparative analysis). This dual
functionality significantly augments contemporary methodologies in time-diary
studies, particularly those that are structured [80, 29].

2.3 The quality of big-thick data

2.3.1 Sensor data quality

Sensor data quality is a critical factor in the performance and reliability of In-
ternet of Things (IoT) applications, Human-Computer Interaction (HCI), and
AI. High-quality sensor data ensures accurate and reliable decision-making,
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whereas poor data quality can lead to incorrect conclusions and potentially
harmful outcomes. Recent advancements in sensor data quality research have
focused on identifying, quantifying, and correcting various types of sensor data
errors, such as missing data, outliers, bias, drift, and uncertainty.

One of the key contributions to the IoT field is the systematic review by Teh
et al. [185], which provides a comprehensive overview of the different types
of physical sensor data errors and the methods used to detect and correct them.
The review highlights the use of Principal Component Analysis (PCA) and Ar-
tificial Neural Networks (ANN) as common techniques for error detection and
correction. Another significant work is the paper by Zhang et al. [213], which
surveys data quality frameworks and methodologies for IoT data. The paper
compares various data quality definitions, dimensions, metrics, and assessment
techniques, aiming to help practitioners choose the appropriate method for their
specific IoT system. The authors also emphasize the importance of interna-
tional standards in ensuring consistent and reliable data quality management.
Shehu Yalli et al. [204] discuss the elements necessary to ensure quality of
data, including outlier detection, data-cleaning techniques, and quality assur-
ance methods. Their comprehensive taxonomy provides a structured approach
to maintaining high data quality in IoT systems.

Recent research in HCI has focused on improving sensor data quality to en-
hance user experience and interaction. For instance, Rechy-Ramirez et al. [154]
reviewed the impact of commercial sensors in HCI, highlighting the importance
of sensor specifications and their applications in creating human-computer in-
terfaces for complex tasks. Another significant contribution explores novel
sensing and interfacing technologies that encourage new ways of interaction
between humans and computers. It covers intelligent sensors for HCI, such as
speech, gesture, and gaze recognition, and adaptive HCI that deals with cogni-
tive and affective levels of user activity [8].
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2.3.2 Human input data quality

Mobile self-reports have emerged as a prevalent technique for in-situ data col-
lection. This approach, predicated on its capacity to document participants’
behaviors directly, enables the establishment of ground-truth data, where the
data’s intrinsic meaning is ascribed by the user. A significant challenge, how-
ever, lies in the inability to ascertain the precise causes of errors, primarily due
to the difficulty in observing respondents’ behaviors in natural settings (e.g.,
identifying specific causes and conditions) [200]. Another complication arises
from researchers’ limited control over the surrounding environment. The user
remains unsupervised by a human interviewer who could dictate the timing and
context of responses. Consequently, the accuracy of self-reported data has been
insufficiently scrutinized in the literature, with a prevalent but erroneous as-
sumption that responses are inherently accurate [192].

In the domain of human input data collection, the Experience Sampling
Method (ESM) [118] and Ecological Momentary Assessment (EMA) [170] are
extensively used to dispatch inquiries to participants. These methodologies en-
able researchers to design intensive, repeated measure questionnaires that yield
comprehensive contextual information about respondents. The ongoing evolu-
tion of smartphones has culminated in the advent of smartphone-based ESM
[133], a technology that facilitates the documentation of human behaviors and
experiences through real-time user queries and time-use analysis. Participants
can be queried about various behaviors, daily events, and moods via their smart-
phones [43].

The issue of low-quality responses has been a focal point of EMA/ESM re-
search [170, 118], with findings subsequently integrated into more complex re-
search protocols [118, 50, 91]. Nonetheless, existing literature has predom-
inantly concentrated on enhancing the response rate of participants. For in-
stance, Boukhechba et al. [28] reported higher response rates when ESM ques-
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tions were sent post-phone calls compared to social media usage. Similarly,
Berkel et al. [191] observed that active phone usage preceding an ESM query
could elevate response rates. Contextual influences on response rates have also
been examined, with studies investigating the impact of location [184], activi-
ties [135], various times of the day [146], and social interactions [28]. Focusing
on response accuracy, Berkel et al. [192] found that the highest accuracy lev-
els were achieved when participants’ screens were off upon notification arrival,
indicating non-usage of the phone. They also noted that prolonged question
completion times corresponded with lower accuracy, with the primary limita-
tion of their work being the exclusive consideration of smartphone usage as the
contextual factor.

2.3.3 Total survey error paradigm

The Total Survey Error paradigm, as articulated in Sociology, offers a theoret-
ical framework for enhancing survey accuracy while optimizing resource allo-
cation [168, 9]. Within this framework, four principal sources of error, though
independent, correlate with the studied phenomena. These sources are delin-
eated as follows:

1. The situational and temporal context in which the respondent inputs infor-
mation into the smartphone [120, 68, 200].

2. The cognitive task intrinsic to the response process [199], particularly in
temporal inquiries within multi-component approaches [127] and respon-
dent motivation theories [39, 113, 114].

3. The conscious or unconscious factors, such as personality, attitudes, and
habits, that influence respondent behavior [127, 153].

4. The technical problems pertaining to the functionality of the technology,
including the smartphone and its applications [86, 164, 64, 162, 15, 181].
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These four sources are posited to engender errors in any question-answering
process, thereby extending to mobility self-reports. This hypothesis constitutes
the primary theoretical underpinning of the work presented in this thesis. To
our knowledge, this hypothesis has not been previously applied to mobility self-
reports, particularly in the context of contextual inquiries.

2.3.4 Measure answer quality

In the realm of Artificial Intelligence, there has been substantial research fo-
cused on understanding the quality of users’ responses. However, current in-
vestigations are primarily concerned with reaction times and predicting the like-
lihood of a user timely responding to a notification. For instance, Iqbal et al.
[104] demonstrated that users are more receptive to interruptions from mes-
sages that convey valuable information. Similarly, Fischer et al. [66] found that
the content of a message is more significant than the timing of the notification,
indicating that participants prefer interruptions from content that piques their
interest. Furthermore, these authors [65] explored the dependency of response
times on prior interactions, such as phone calls or SMS messages. Ho and In-
tille [140, 94] developed an application predicated on the notion that transitions
between physical activities (e.g., from sitting to standing) present opportune
moments for notifications, including phone calls, messages, and reminders. In
another study, Mehrotra et al. [132] advocated for the use of context informa-
tion and application usage patterns to forecast optimal notification times. Ad-
ditionally, Aminikhanghahi et al. [10] integrated Experience Sampling Method
(ESM) technology with knowledge of user activities to enhance the prediction
of notification timing.

26



Chapter 3

Datasets

3.1 Introduction

Daily behavior and mood are crucial for university students’ academic perfor-
mance. Obtaining a university degree can significantly improve a student’s job
prospects [12], while student drop-out represents a loss of economic and social
resources for society [119]. Secondly, mood is a crucial element that impacts
mental health, affecting individuals across a range of contexts, for instance, aca-
demic workload [144]. Poor mood can lead to severe consequences, see, e.g.,
substance abuse and suicidal thoughts [71].

University students’ daily activities and behaviors, which involve balancing
academic activities and other daily tasks, play a vital role in their academic suc-
cess. Traditionally, sociological researchers use surveys to understand students’
daily activities by asking them to report the duration and the time they spend.
However, these traditional tools often suffer from data quality issues due to the
reliability of participants’ responses.

To address the above problem, we conducted the Smart Unitn Two and
WeNet experiments in 2018 and 2021, respectively, to collect time-use data
from students at the University of Trento. The primary objective of these exper-
iments was to understand how students manage their time and how it impacts
their academic performance. Instead of relying on traditional surveys, we devel-

27



oped the i-Log app 1, which was installed on students’ mobile phones to collect
their responses and sensor data embedded in the devices. In this chapter, we
will mainly simply introduce the Smart Unitn Two and WeNet experiments and
the datasets generated by these experiments, because the work of this thesis is
not about generating the datasets, but rather to use them to evaluate our system
and algorithms in subsequent work.

3.2 The i-Log

According to the final goals set for the Smart Unitn and WeNet projects, we
define the following two types of data that we are going to collect via an smart-
phone application named i-Log [212], which can be installed by the student’s
smartphone:

• Objective Data: This includes sensor data collected from participants’
mobile phones, which collects sensor data from multiple sensors on smart-
phones simultaneously, from hardware sensors (e.g., Location, Accelerom-
eter, Gyroscope, etc.) to software sensors (e.g., Airplane Mode, Bluetooth
Devices, etc.) and even the Question-answer sensors (e.g., Time Diary
Question, Task Question, etc.). This type of data provides an accurate and
unbiased record of the participants’ movements and activities.

• Subjective Data: This includes responses to context questions collected
through the i-Log app. Which also pushes time diaries to the app users.
Each time diary consists of questions about the activities, locations, and
social relations of students. These time diaries are sent every 30 minutes,
and the student users’ answers provide details on how they allocated their
time during the day. Each time diary can be answered within 150 minutes,
with a maximum of 5-time diaries stacked in a queue. These responses

1https://datascientia.disi.unitn.it/ilog
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offer insights into participants’ personal experiences, moods, and motiva-
tions, adding depth and context to the objective data.

By leveraging both hardware and software sensors, along with strategically
timed and unobtrusive time diaries, i-Log ensures comprehensive and high-
quality data collection without disrupting the students’ daily routines.

3.3 Smart Unitn 2

Based on the i-Log app, we have conducted multiple experiments; the first ex-
periment we introduced was named SU2 (Smart University Two), which in-
volved gathering data from students at the University of Trento, Italy. This ex-
periment received preliminary approval from the Ethical Committee and GDPR
Committee of the University of Trento. The project spanned four weeks (28
days), from early May to early June 2018. The experimental protocols, par-
ticipant recruitment strategies, and data cleaning methods of this dataset have
been comprehensively described in [76]. In addition, the full description of
the collection of the SU2 dataset includes the design and execution of this ex-
periment. Also include the GDPR compliant, which can be found at: https:
//datascientia.disi.unitn.it/projects/su2. This link also provides a way to down-
load the dataset.

At the outset, a short questionnaire was sent to a random sub-sample of
10,006 students, inquiring whether they regularly attended classes and pos-
sessed an Android smartphone. This sample was drawn from the entire student
population of the University of Trento. Those who completed the questionnaire
and responded positively to both questions were then invited to participate in
the survey. The invitation detailed the study’s aims, explaining that participants
could choose to engage for either two or four weeks. During the first two weeks,
participants would receive notifications every half-hour, and during the second
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two weeks, notifications would be sent every two hours. Additionally, students
were told which types of sensor data (see Figure 3.1) would be collected.

Figure 3.1: Hardware and software sensor data collected together with their sampling rate. “On
change” means that the value of the sensor is collected only when it changes its value.

As noted in the literature [109, 10], willingness to participate in mobile data
collection is strongly influenced by the promised incentives. A reward of 20
euros was offered for each of the first two weeks of participation. Participants
were also informed that, upon survey completion, a lottery would be held among
those who responded to more than 75% of the notifications. The lottery would
award three prizes of 100 euros for the first two weeks and three prizes of 150
euros for the second two weeks. The invitation included a second question-
naire seeking additional information about participants’ general characteristics,
university experience, and profiling of their procrastination syndrome. At this
stage, personal email addresses and GDPR-compliant consent forms were also
collected.

The recruitment process yielded 1,042 applicants, a response rate consistent
with other web surveys without reminders. From this group, students over the
age of 25 were excluded to limit the sample to those with regular academic ca-
reers. A stratified sample of 318 students, proportional to the student population
of each department, was drawn from the remaining 860 applicants. These se-
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lected students received a second questionnaire to explore their university life,
habits, and routines. Students who completed the questionnaire and signed a
second informed consent form were provided a password to install i-Log. In
total, 275 students completed the questionnaire and installed i-Log.

Figure 3.2: Time diary.

The data collection was divided into two stages. In the first stage, over 14
days, students received notifications with questions (see Figure 3.2) every half-
hour. Participants had 720 minutes (12 hours) to respond to each notification,
after which the question would be dropped and marked as missing. To reduce
the burden, users could pause data collection for 6 hours while sleeping. Of
the 275 students, 237 responded to the notifications at least once. During the
initial days, 25 students withdrew, citing technical issues or loss of interest. By
the end of the first two weeks, 184 students had provided valid responses for at
least 13 out of 14 days.

In the second stage, which also spanned 14 days, 202 of the initial 237 stu-
dents expressed willingness to continue. During this period, notifications were
sent every hour. Of these students, 113 completed the task for at least 12 days
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and provided over 100 valid answers. This dataset was used in [214] to predict
individual behaviors and in [82] to examine the impact of social media usage
on students’ academic performance.

3.4 WeNet

The second experiment is also collected from the University of Trento, Italy.
But from the WeNet EC project, also known as WeNet - The Internet of us, see
https://www.internetofus.eu/ for a detailed description of the project plus the
possibility of downloading the dataset. The detailed experiment is described in
[75]. To begin with, all students at the University of Trento were invited via
email to participate in a survey. From the 5,000+ respondents, a representative
sample of 370 students was selected based on their fields of study and socio-
demographic characteristics. To mitigate bias, we focused on the data of 170
students. This selection was based on considerations related to the number of
answers provided and demographic characteristics, including gender, study de-
gree, and department (see Table 3.1). 170 participants during this period had
a total size of 110 gigabytes. It contained 20 billion sensor readings together
with answers to time diary questions, which were deemed annotations to the
sensor data. The total number of answers generated during the experiment was
155,040 out of 290,016 sent. Detailed information on this experiment can be
found in [75].

Table 3.1: Selected participants’ demographic information.

Sex Degree Department
Feature Female Male BSc MA+PhD Information Science Industrial Business Sociology
Number 101 69 108 62 50 25 44 51
Percent 59.41% 40.59% 63.53% 36.47% 29.41% 14.71% 25.88% 30.00%

The first part of the closed-ended questionnaires was administered using the
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Limesurvey 2 platform. An invitation to participate in our project was emailed
to all enrolled students at the Italian university. From 5000+ applicants, we
randomly selected 370 students, with the sample weighted to reflect the student
population of each department. The average age of these students was 24.1.
All 370 students installed the i-Log [212] at the commencement of the survey.
Other tools for this purpose are available, e.g., [112, 193]. Furthermore, the data
collection process adhered to a protocol compliant with the EU General Data
Protection Regulation (GDPR).

Secondly, we obtained participant self-reports via their smartphones through
Time Use Diaries [29], which are studies often based on the Harmonised Euro-
pean Time Use Survey (HETUS) 3 standard. In our diary study, the data collec-
tion spanned a period of four weeks. During the first two weeks, participants
received questions every half hour and were given 12 hours to respond. In the
following two weeks, the frequency of questions was reduced to once per hour,
but participants still had a 12-hour window to respond. In total, we collected
more than 110,000 self-reports from all participants. Our time diary included
special sections on the main activities. Participants received a notification on
their smartphone with four questions, the first three of them were based on the
HETUS standard. Figure 3.3 shows some of the questions (and pre-compiled
answers) asked during the data collection.

• Their activity “What are you doing?” offering the participant 34 answer
categories such as eating, driving, studying, etc.;

• The current location “Where are you?” offering the participant 26 cate-
gories such as home, classroom, canteen, restaurant, etc.;

• The individuals accompanying the participants at the time of the question
“Who is with you?” offering the participant 8 categories such as alone;

2https://www.limesurvey.org/
3https://ec.europa.eu/eurostat/web/time-use-surveys
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(a) (b) (c) (d)

Figure 3.3: Sample questions captured in the WeNet project

partner, friends, etc; and

• The mood “What is your mood?” offering the participant a scale of 5 levels
ranging from happy to sad.

Thirdly, we collected data from a pre-selected list of sensors in the back-
ground without user intervention. The data was generated as time series, con-
sisting of tuples composed of a timestamp and one or more values. In this thesis,
we only consider the time component of the data.

As indicated in the literature [109], to foster participation, participants were
remunerated with 20 euros for every two weeks of participation. In addition,
two economic incentives were introduced to promote better results. The first
comprised five daily awards of 5 euros each, bestowed upon those who most ef-
fectively adhered to daily reporting. The second involved six final prizes, three
of 100 euros for the initial two weeks and three of 150 euros for the subsequent
two weeks, granted to six randomly selected participants who best complied
with the entire research protocol and responded to more than 75% of notifica-
tions.
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Chapter 4

Answer Quality Assurance

4.1 Introduction

To learn context-awareness information from participants, we decided to ask
them questions; however, the quality of human input data often does not meet
the requirements of current AI. Additionally, there is no direct method to assess
the quality of participant feedback. Thus, the goal of this Chapter is to conduct
an in-depth study of the factors influencing the quality of answers provided by
users in natural settings. By quality, we refer to a low incidence of errors in the
answers.

The primary challenge is to identify key factors that affect answer quality.
These factors must be operationalizable as part of a strategy that enables a ma-
chine to derive the best possible results from user responses. The starting point
for this analysis is the Total Survey Error paradigm discussed in Section 2.3.3.

The Total Survey Error paradigm, as elaborated in Sociology, provides a
theoretical framework for optimizing surveys by maximizing data quality within
budgetary constraints [168, 9]. According to this framework, there are four main
sources of error that are independent of one another while correlating with the
phenomena under study. These factors can be summarized as follows:

1. The situational and temporal context in which the user inputs information
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into the smartphone [120, 68, 200].

2. The cognitive task involved in the answer process [199], especially in time-
related questions within multi-component approaches [127] and respon-
dent motivation theories [39, 113, 114].

3. The conscious or unconscious factors, such as personality, attitudes, and
habits, that influence the user’s behavior [127, 153].

4. The technical problems related to the functioning of the technology, e.g.,
the phone and phone applications [86, 164, 64, 162, 15, 181].

These four sources are assumed to generate errors in any question-answering
process and, therefore, also in mobility self-reports. This hypothesis serves
as the primary theoretical foundation for the work presented in this Chapter.
To our knowledge, this hypothesis has not previously been applied to mobility
self-reports, particularly in the context of inquiries about surroundings. In this
regard, the work in this section aims to validate and elucidate the specific factors
that instantiate the hypotheses of the Total Survey Error paradigm within this
scenario.

4.2 Answer correctness chain

Based on the above work from the Total Survey Error paradigm in Section 2.3.3,
we assume that the existence of a causal chain of events influences the quality
of answers and that we abstractly model according to the schema sketched in
Figure 4.1.

Proceeding from the beginning left to the ending right, we distinguish between
endogenous and exogenous factors, which play a significant role and impact the
quality of answers. These two sources of error can be detailed as follows:
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Figure 4.1: The causal chain of the factors impacting the answer quality.

• Endogenous factors are organized along two main dimensions. The first
dimension is the user’s willingness and ability to follow and complete
a task on a device [88, 127, 142]. This factor encompasses a range of
psycho-physical attitudes, personality traits, behaviors, and habits—both
conscious and unconscious—that influence the individual [127, 153]. Cog-
nitive performance varies among individuals [48] and is also time-variant.
Note that mental state [18, 47], as well as certain exogenous factors, can
influence cognitive performance. Examples of such exogenous factors in-
clude the time of day [166, 201] and smartphone usage [101, 115]. And
the second is the user’s characteristics and behavior, such as familiarity
or comfort with the device, and how the respondent uses the device (i.e.,
frequency of use, duration, and frequency of browsing sessions) [123, 88,
116, 150, 127, 153, 105].

• Exogenous factors, primarily related to the context of use, are organized
along three dimensions: the physical and social situational context, the
temporal context, and the computing context. The first two dimensions
pertain to factors such as the degree and type of distractions, the presence
of others, or multitasking behaviors—whether on the same device, a dif-
ferent device, or a different medium [120, 121, 127, 123, 153, 200]. The
third dimension, the computing context, relates to technical issues associ-
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ated with the functioning of i-Log, accounting for all possible malfunctions
[93].

We structure our analysis around two critical factors that influence answer
quality: reaction time and completion time, which aligns with the study in [192].
These factors enable us to model the chain of effects of how exogenous and
endogenous variables affect the quality of responses. The factors are defined as
follows:
Reaction time: The purpose of analyzing reaction time is to identify which

endogenous and exogenous factors affect reaction time, where reaction time
refers to the interval between receiving a notification and starting a response.
We formalize reaction time, denoted as tr, as:

tr = ta − tn (4.1)

where ta is answer time, which is the time when a participant starts to answer the
questions. The tn is notification time, which is the time when a participant re-
ceives the questions that are sent by machines. If the participant did not answer
a question (e.g., ta = ‘null′), we set tr = ∞. In real-world datasets, the notifi-
cation time and answer time are always recorded by timestamp datatype, which
stores the year, month, day, hour, minute and second values, e.g., ‘2024-07-01
10:11:20’ in MySQL Database. To facilitate the representation and application
of reaction time, we invariably set the unit of reaction time to minutes, e.g., ‘28’
minutes.
Completion time: The purpose of analyzing completion time is to identify
which endogenous and exogenous factors affect completion time, where com-
pletion time refers to the duration taken to complete a response, starting from
the end of the reaction time. We formalize complete time, denoted as tc, as:

tc = tf − ta (4.2)

where tf is finish time, which is the time when a participant finish to answer the
questions. The finish time and is always recorded by timestamp datatype, which
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stores the year, month, day, hour, minute and second values, e.g., ‘2024-07-01
10:13:46’ in MySQL Database. To facilitate the representation and application
of reaction time, we invariably set the unit of reaction time to minutes, e.g.,
‘1.2’ minutes.
Answer quality: The goal of analyzing answer quality is to validate the causal
chain, as depicted in Figure 4.1, by quantitatively evaluating how reaction and

completion times jointly impact answer quality. Here, by answer quality, we
mean the number of questions that get correct answers. To quantify answer
quality, we binary classify answer quality as high-quality or low-quality re-
sponses.

Answer Quality =

High, if tr < RT

Low, if tr ≥ RT
(4.3)

where RT is a cut-off point as the time threshold that distinguishes answer
quality. If the reaction time of an answer tr is less than the reaction time cut-off
point RT , the quality of the answer is considered ‘High’. On the other hand,
if the reaction time tr is greater or equal to RT , the quality of the answer is
considered ‘Low’. Of course, if the participant did not answer a question, we
have tr = ∞. Hence, this answer is considered a low-quality answer.

In the analysis of reaction time and completion time, we employed a multi-
level discrete-time event history model (MLM) [179, 186] and a Cox regression
model [7, 179, 49]. Firstly, the MLM is a generalized linear model wherein
repeated notifications over time (level 1) are nested within users (level 2) [83,
172], modeling variability across upper-level units using random effects. MLMs
also estimate parameter attributes at multiple distinct levels. A common exam-
ple of an MLM is a school setting, where a student’s competence in a class is
influenced partly by the student (first level, e.g., their ability) and partly by the
class (second level, e.g., the attitude of the teachers).

Secondly, the Cox regression model, also known as the Cox Proportional
Hazards model, is a statistical technique used primarily in survival analysis
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to explore the relationship between the time until an event occurs and one or
more predictor variables. Developed by Sir David Cox in 1972, this model does
not require the specification of a baseline hazard function, making it a semi-
parametric method. The primary assumption of the Cox model is the propor-
tional hazards assumption, which states that the hazard ratios between different
levels of the predictor variables are constant over time. This model estimates the
hazard function for an individual, given their covariates, by combining a base-
line hazard function with the exponential effect of the covariates. This approach
allows for the estimation of the impact of covariates on the hazard or risk of the
event occurring, while leaving the baseline hazard function unspecified. One of
the strengths of the Cox regression model is its ability to handle censored data,
which is common in survival analysis when the exact time of the event is not
known for all subjects. By incorporating both right-censored and left-censored
data, the model provides a robust framework for analyzing survival times and
identifying significant predictors of the event of interest.

For assessing answer quality, we used both a Multilevel Structural Equation
path analysis Model (MSEM) [95, 99, 107] and a standard SEM path analy-
sis. These models integrate evidence from the initial analyses into a cohesive
chain of causal events. In this approach, reaction and completion times are in-
fluenced by user characteristics, while response errors are modeled as random
variables. Consequently, an MSEM was chosen, formalizing reaction and com-
pletion times as a two-level model (responses nested within respondents).

4.3 The reaction time

The reaction time refers to the interval between a user receiving a questionnaire
and beginning to provide an answer. Ideally, users should respond immediately
upon receiving the notification to minimize the risk of memory errors (primarily
forgetting), which increases with time and leads to higher chances of incorrect
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answers [131]. In this context, we focus on three factors that may influence
reaction time:

• Context history [40] (an exogenous factor): This includes a blend of user
context (social situation), physical context, computing context (network
connectivity, etc.), and time context. The social and physical context are
addressed through self-reported time diary entries: (a) “What are you
doing?” captures potential distractions from current activities; (b) “Where
are you?” identifies environmental factors and associated distractions; (c)
“With whom are you?” notes social distractions. The specifics of these
questions and possible responses are detailed in Figure 3.2. The question
“How are you moving?” is asked whenever the user indicates they are
traveling. The computing context is considered by measuring the time
elapsed, in seconds, from when the server sends the notification to when
the smartphone receives it. Lastly, the time context differentiates between
weekdays and weekends to account for varying weekly activities.

• Motivation and burden (an endogenous factor): This pertains to the effort
(time and resources) and difficulty level. In the model, it is represented as
a quadratic function of the day of study, ranging from 0 (first day) to 13
(fourteenth day).

• User characteristics (an endogenous factor): This factor encompasses psy-
chological traits and daily emotional status. Mood states and personality
traits significantly affect the processing of emotion-congruent information
in various cognitive tasks [160]. This aspect is evaluated by asking about
the user’s procrastination syndrome and emotional mood state. The
procrastination question uses the Irrational Procrastination Scale (IPS)

[177, 178]. The emotional mood state is assessed on a 5-point Likert scale,
with options ranging from happy (0) to sad (4) [125, 110], as shown in Fig-
ure 3.2.
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Table 4.1: Cox Regression model and Multilevel discrete time model with random intercept on
the reaction time.

Features
Cox-regression Multilevel
Coef B Coef B

(Spatial context): Where are you?
Home/Room Reference Reference
Relatives Home -0.061*** -0.100***
House(friends/others) -0.021 -0.029
University 0.188*** 0.277***
Shop/Pub/Theatre 0.028 0.013
Work place -0.234*** -0.331***
Other place -0.071*** -0.128***
Outdoors -0.218*** -0.324***

(Event context): What are you doing?
Personal care Reference Reference
Eating -0.141*** -0.193***
Study alone or with others -0.174*** -0.277***
Class room lecture -0.130*** -0.175***
Social life/Break -0.137*** -0.167***
Watching YouTube TV, etc. -0.080*** -0.126***
Social media, Phone call, chat 0.214*** 0.311***
Free time -0.298*** -0.406***
Work -0.195*** -0.271***
Travel 0.007 0.043

(Social Context): Who are you with?
Alone Reference Reference
Friend(s) -0.188*** -0.292***
Relative(s) -0.046*** -0.079***
Classmate(s) -0.222*** -0.329***
Roommate(s) 0.025 0.018
Colleague(s) -0.238*** -0.396***
Partner -0.291*** -0.432***
Other -0.575*** -0.834***

(Time Context): When questions sent
Sunday Reference Reference
Monday 0.089*** 0.122***
Tuesday 0.115*** 0.154***
Wednesday 0.068*** 0.076***
Thursday 0.131*** 0.172***
Friday 0.032** 0.049**
Saturday -0.022 -0.032
Study day -0.076*** -0.123***
Study day2 0.003*** 0.005***
Question delivery delay time (sec.) 0.0002*** 0.0003***

User Characteristics
Mood 0.060*** 0.092***
Procrastination -0.010** -0.021**
var(cons[user]) 0.643***
var(cons[user>notid]) 0.604***
Observations 58340 2,565,159
Number of groups 158 158
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To evaluate reaction time in a real-world experiment, we present the results
in Table 4.1. In this table “*” means p<0.1, namely, relatively weak (statistical)
significance; “**” is p<0.05, a strong significance; “***” is p<0.01, a very
strong significance, and p means “P-value”, which providing a measure of the
statistical significance of that feature compared to the reference feature. The
median survival time for reaction time is 20 minutes, indicating that fifty percent
of notifications receive a response within this time frame. As hypothesized,
reaction time is influenced by both historical context and user characteristics.
For instance, the median reaction time varies from a minimum of 10 minutes
for users engaged in social media/phone/chat activities to a maximum of 27
minutes for those involved in leisure activities (Log-rank test. χ2(9) = 1046.69,
p<0.05). In a social context, median reaction time ranges from 16 minutes
when the user is alone to 33 minutes when in a social setting (Log-rank test.
χ2(7) = 635.38, p<0.05). Regarding location, the median reaction time varies
from 15 minutes at the university to 32 minutes when outdoors (Log-rank test.
χ2(8) = 708.50, p<0.05).

To assess the net effects of all the factors influencing reaction time, we con-
ducted two regression models (Table 4.1): a Cox regression model with user
notification shared probability and a multilevel discrete-time model. For both
models, we performed a likelihood ratio test against the null model [25]. Re-
sults indicate that both models are statistically significant (χ2(34) = 3437.34,
p<0.05; χ2(47) = 5819.65, p<0.05) and capture the same interpretation of the
probability of reacting to a notification at time t. While parameter estimates
differ slightly, the sign and interpretation are consistent. Additionally, the Cox
regression model estimates that it explains 5.0% of the variance in accuracy
(R2

D = 0.0462) [158], indicating that the independent variables listed in Table
4.1 account for 5.0% of the variability in reaction time.
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4.4 The completion time

Completion time refers to the interval from when a user begins answering a
questionnaire to when they complete the response process. As noted earlier,
delayed responses can cause memory errors, affecting both reaction and com-
pletion times. Specifically, the cognitive processes involved in response for-
mation can result in extended completion times, potentially impacting response
accuracy [131].

Additionally, according to multi-component approaches [188], a respondent’s
ability to concentrate on specific tasks while ignoring other stimuli [108] influ-
ences answer quality. Generally, shorter completion times are expected to yield
higher-quality answers by reducing memory error risks [183]. However, this is
not always the case. Rapid completion can increase the likelihood of inaccu-
racies or typing errors [38, 131]. Furthermore, as discussed in [187, 188], the
answer completion process involves four steps:

1. comprehending the question,

2. retrieving relevant information from memory,

3. making the judgment required by the question, and

4. selecting an answer.

Extended completion times might indicate more time spent retrieving informa-
tion from memory, positively affecting answer quality. While the negative im-
pact of increased reaction time is well-established, the same cannot be conclu-
sively stated for completion time. In the following, we consider the following
four factors as the possible sources of changes in the completion time:

• Competence in the usage of i-Log: This competence improves over time,
resulting in a swift reduction of completion time, even in the early stages.
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We model this learning process using two components. The first compo-
nent is the date/time of use, measured as the day of study. The second
component is the memory of response alternatives as they appear in the
list of answers. The more frequently a response option is used, the more
likely a respondent will recall its exact location, leading to faster responses.
We model the list of activities in the time diary as a pseudo-continuous
variable, with each activity associated with its percentage of appearance.
For example, “studying” is represented with an occurrence percentage of
19.04%, “eating” with 4.61%, and so forth [41].

• Reaction time: Unanswered notifications may accumulate, forming blocks
that the user can quickly address in a single response session. This factor
is modeled as the total number of pending notifications at the start of the
completion process.

• Social context: This factor accounts for the disturbance or multitasking
effects caused by the presence of other people during the completion pro-
cess [108]. We model this by noting whether the respondent is alone when
responding (see Figure 3.2).

• Psycho-social aspects: Literature suggests that both mood and procrasti-
nation syndrome significantly impact memory and motivation [70, 177],
and consequently, the completion process.

We also examined completion time in a real-world experiment, with results
detailed in Table 4.2. The median survival time for completion time is 9 sec-
onds, meaning that fifty percent of all notifications are completed in 9 seconds
or less. As expected, completion time is influenced by both historical context
and user characteristics. For instance, the median completion time ranges from
a minimum of 7 seconds when the user is engaged in studying (alone or with
others) or attending a lesson (classroom lecture) to a maximum of 11 seconds
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Table 4.2: Cox regression model and Multilevel model with random intercept on the completion
time.

Features
Cox-regression Multilevel
Coef B Coef B

Event context: Activity 0.038*** 0.104***
Social context: Alone vs not alone 0.267*** 0.637***
User Characteristics: Mood 0.039*** 0.095***
User Characteristics: Procrastination -0.006* -0.015*
Study time 0.048*** 0.131***
Study time2 -0.002*** -0.005***
Reaction time (min.) -0.0002*** -0.001***
Pending notification (count) 0.044*** 0.093***
Theta/constant 0.0731*** -14.704***
Observations 58,340 2,565,159
Number of groups 158 158

during leisure activities (Log-rank test. χ2(9) = 5478.37, p<0.05). In a so-
cial context, the median completion time varies from 8 seconds when the user
is alone to 10 seconds when with a partner (Log-rank test. χ2(7) = 1682.50,
p<0.05). Regarding location, the median completion time spans from 7 sec-
onds at the university to 12 seconds when at a shop, pub, or theater (Log-rank
test. χ2(8) = 2072.78, p<0.05).

To disentangle the effects of different contexts on completion time, we also
ran a Cox regression model and a multilevel discrete-time model (Table 4.2).
The likelihood ratio test against the null model indicates that both models are
statistically significant (χ2(8) = 3683.55, p<0.05; χ2(19) = 8457.39, p<0.05)
and convey the same interpretation. Similar to the results for reaction time,
the parameter estimates differ only slightly, but the sign remains consistent.
Additionally, the Cox regression model estimates that 4.1% of the variance in
completion time is explained by the model (R2

D = 0.0407).
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4.5 Evaluation

To test the chain of events leading to errors, we continue to use the Smart Unitn
2 dataset, which was introduced in Section 3.3. We use the GPS-detected po-
sition of the smartphone when the user claims to be “at home.” As shown in
Figure 3.2, “at home” is one of the possible answers to the question “Where
are you?,” while GPS data is collected every minute, as detailed in the list of
sensor data in Figure 3.1 (with GPS labeled as “location”). We selected the
variable “at home” for three reasons. First, we know the GPS position of the
respondent’s home in the SU2 dataset. Second, a home typically covers a very
small area, unlike other locations such as “at the university.” Third, this type of
question is virtually error-free since it requires no cognitive effort or reasoning
and is perceptually and habitually straightforward. Being at home is arguably
the most familiar situation for everyone.

The variables used here are the same four used for completion time in the
previous subsection, namely competence with i-Log, reaction time, social con-
text, mood, and procrastination, plus the accuracy of the GPS (considered as
an additional effect of the computing context). The resulting number of incor-
rect answers was substantial, thus justifying the research hypothesis that not all
user-provided answers are correct, despite a minor number of local mistakes.
Specifically, we observed 730 errors out of a total of 7624 questions, corre-
sponding to an overall error rate of 9.6%.

Finally, we test the quality of answers in a real-world experiment to deter-
mine whether reaction time and completion time impact answer quality during
the answering process.

Figure 4.2 presents an initial exploratory analysis of the effects of reaction
and completion times on answer quality. This analysis indicates that both re-
action time (Figure 4.2) and completion time (Figure 4.3) have a statistically
significant negative impact on response quality. While the negative impact of
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Figure 4.2: How does the reaction time impact the answer quality.

reaction time was anticipated, the analysis reveals that the adverse effects of
extended completion times (e.g., memory errors) outweigh the positive effects
(e.g., increased time for computing the answer), as discussed in the previous
section. Specifically, a comparison between the two groups of correct and incor-
rect answers, where a distance greater than 50 meters is considered an incorrect
answer, yields the following values:

• Reaction time

– Mean : Correct (38 minutes), Incorrect (43 minutes) (Fisher F =

5.02, p<0.05);

– Median survival reaction time: Correct (17 minutes), Incorrect (19
minutes) (Log rank test: χ2(1) = 4.93, p<0.05; Non-parametric
equality-of-medians test: χ2(1) = 3.73, p<0.05) [129].

• Completion time
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Figure 4.3: How does the completion time impact the answer quality.

– Mean : Correct (11.0 seconds), Incorrect (11.8 seconds) (Fisher F =

4.73, p<0.05);

– Median survival completion time: Correct (9 seconds), Incorrect (9
seconds) (Log-rank test: χ2(1) = 4.36, p<0.05; Non-parametric equality-
of-medians test: χ2(1) = 5.17, p<0.05).

For both reaction and completion time the mean time for correct answers is
lower than that of incorrect answers. This applies also to the median survival
reaction time, while the median survival completion time is the same for correct
and incorrect answers.

However, reaction time and completion time are not independent; they are
interlinked components of the same process. As demonstrated in Table 4.3,
our analysis of answer quality, using a Multilevel Structural Equation Model
(MSEM) [149] and a Structural Equation Model (SEM), supports the theoreti-
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Table 4.3: Chain of errors: Multilevel structural equation model and a Structural Equation
model.

Features
ML-SEM Model SEM Model
(Coef B) (Coef B)

Home phone distance (meter)
Completion time 0.2401*** 0.0863***
Reaction time 0.4725** 0.0238**
GPS accuracy 0.3439** 0.0237**
Constant 7.3587 0.0457
Unanswered Questions (count)
Reaction time 0.0252*** 0.8809***
Constant -0.1165* -0.0691
Reaction time (minutes)
User Characteristics: Procrastination 1.0325*** 0.1216***
User Characteristics: Mood 1.4515*** 0.0168*
Event context: Activity 0.5991*** 0.0530***
Study time 1.6248*** 0.1127***
Study time2 -0.3105*** -0.0716***
Social context: Alone vs not alone -13.5724*** -0.1170***
Constant 18.7450*** 0.3596***
Completion time (second)
Pending notification (count) -0.4689*** -0.0946***
Question delivery delay time (sec.) -0.0012** -0.0212*
Event context: Activity -0.2697*** -0.1784***
Social context: Alone vs not alone -2.521*** -2.521***
Study time -0.1818*** -0.0844***
Study time2 0.0203*** 0.0357***
User Characteristics: Procrastination 0.0766*** 0.0644***
Constant 13.7792*** 1.7036***
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cal model depicted in Figure 4.1 and the concept of a chain of events impacting
answer quality [153], also due to the correlation between reaction time and the
number of pending notifications, the covariance between the errors of these two
variables has been defined in both models. The input variables are predomi-
nantly relevant, and the fit indices indicate a good fit of the model to the ob-
served data (RMSEA = 0.022; SRMR = 0.013; χ2 = 95.41(20); R2 = 0.127).
The model explains 13.0% of the variance in answer quality. However, multi-
level models pose challenges in constructing fit indices due to the multiple levels
of hierarchy involved, resulting in a lack of consensus on suitable fit indices for
such models [44].

As shown in Table 4.3, factors such as context history, burden, technology,
and personality aspects play different roles in determining “when” the user de-
cides to respond and “how” the user completes the notification. In a causal
chain, reaction time (when) and completion time (how) directly affect the qual-
ity of data collected and associated errors. In the causal model presented in
Table 4.3, the “when” influences both the question-answer process and the data
quality through the number of notifications pending when the user begins to
respond. This, in turn, is influenced by the burden, activity repetitiveness, and
compliance with the research protocol, which varies according to the user’s per-
sonality characteristics, such as procrastination, daily mood, and social context.
The “how” is influenced by burden, distractions due to the presence of others,
activity repetitiveness, and the user’s level of procrastination, directly affecting
response errors. In summary, burden, activities, personality idiosyncrasies, and
cognitive aspects directly influence user behavior, which in turn directly impacts
errors.

The overall conclusion is that reaction time is the key variable with the high-

est impact on answer quality. First, as shown in Figure 4.2 and Figure 4.3,
reaction time is significantly longer than completion time, with a mean of 38
minutes for correct answers and 43 minutes for incorrect answers, compared to
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11 seconds for correct answers and 11.8 seconds for incorrect answers. Second,
reaction times on the order of half-hours or longer significantly increase the
likelihood of memory errors, leading to incorrect answers. It is also notable that
the difference between the median completion times for correct and incorrect
answers is relatively small (11 to 11.8 seconds).

4.6 Description of the results

The purpose of this description is to present conclusive remarks and general
take-away lessons. In the first part, we examine the impact of key exogenous
factors (i.e., situational and temporal context) and endogenous factors (i.e., gen-
eral user characteristics) on answer quality. In the second part, we analyze
the chain effect from reaction time to completion time. Lastly, in this section,
we provide a set of general recommendations, based on the findings from this
project and the literature, on how to conduct future ESM data collections and
experiments effectively.

Although we trust the reliability of our memories, as has previous work
on EMA/ESM compliance, research on autobiographical memory reveals that
memory can be unreliable [31, 188, 180]. Our recollections are not only inac-
curate but are often systematically biased [170]. The longer the time elapsed
from the event we want to recall, the higher the risk of inaccuracies. Everything
hinges on the effects that different contexts have on time and, subsequently, on
memory and the cognitive process related to response quality. Based on the cur-
rent state of the art and the analyses we have conducted, we present a detailed
view of how these aspects exert a direct and/or indirect significant effect on
the entire response process and, consequently, how they collectively influence
answer quality.

The situational context: Location, activity, and social context (Table 4.1)
influence reaction time in varied ways. For instance, being “at university”,
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“alone”, and connected with “social media” significantly increases the likeli-
hood of an early response to notifications. Conversely, being “outdoors”, en-
gaged in “leisure” activities, and with a “partner” can significantly delay the
user’s answer. This model highlights that merely detecting whether the phone
is on/off [195] or if the subject is changing activities [146, 95] is insufficient.
The interplay between location, activity, social relation, and time significantly
impacts reaction time.

Activities and social context also influence completion time on two levels
(Table 4.2). The first level is the expected reduction in compilation time due
to event repetition. This reduction is driven by cognitive training, where users
learn to classify different activities within a limited list of alternatives through
repeated notifications. The higher the probability of an event occurring, the
more likely the user will remember its position. The second level involves the
impact of external distractions, where being alone decreases completion time
(Table 4.2). When alone, users find it easier to concentrate on their answers.

The temporal context: Time context significantly affects user behavior. Over
time, users tend to increase their reaction time, with this delay rising rapidly
in the initial days before reaching a balance between the task and the time it is
performed.

Conversely, app usage impacts completion time by reducing it over time.
This reduction can be attributed to the learning process, which predominantly
occurs in the initial observation period. The indirect effect on answer quality
appears to stabilize after one week (Table 4.3). Over time, users find a bal-
ance among the frequency of server notifications (every half-hour), task burden,
research compliance, daily routine, and cognitive ability. For long-term obser-
vations, it is necessary to replace the survey day with a more sensitive answer
routine.

Additionally, there is a third type of time—social time [143], referring to
students’ daily activities and their variations throughout the week. Students do
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not attend classes every day, nor do they follow a strict routine. Contrary to
expectations, longer reaction times do not occur during peak academic activity
(weekdays) but rather during weekends (Saturdays and Sundays). This suggests
that personal time and relaxation reduce task attention.

User characteristics: Sex and age were found to have no statistically signif-
icant or even moderated effects. Procrastination increases the delay for both
reaction time and completion time, while a sad mood reduces it. This aligns
with the literature [70], which indicates that a lower mood enhances attention
and memory. Notably, from the answer quality model in the previous section,
mood has a significant direct effect on reaction time but not on completion time.

However, Steel [177] suggests a relationship between mood and procrasti-
nation. Procrastination temporarily alleviates anxiety, improving mood in the
short term, but has negative long-term effects due to an accumulation of un-
finished tasks. This may lead to a depressive spiral where depression leads to
procrastination, resulting in a bad mood. Thus, in an interactive survey process
with a smartphone, the mood may influence memory, accuracy, motivation, and,
consequently, completion time.

4.7 The chain effect of reaction and completion time on the
answer quality

Completion and reaction times correlate positively with the distance between
the user’s home and their phone, referred to as the variable “Home ⇔ phone”.
This distance is crucial in this analysis, as the accuracy of user responses is mea-
sured against their home location. This correlation has several negative conse-
quences on answer quality, as illustrated in Figures 4.2 and 4.3. Specifically,
a longer reaction time (Table 4.3) has two effects. First, it directly increases
the distance “Home ⇔ phone” (the longer the user waits, the further they move
away from home). Second, it indirectly affects the completion time by increas-
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ing the number of “pending notifications” (the longer the user waits, the more
unanswered questions accumulate). This effect, in turn (Tables 4.2 and 4.3),
shortens the completion time, theoretically decreasing errors as previously an-
alyzed. This result aligns with our analysis but illustrates two ways in which
errors can occur. With long completion times, memory errors may arise. How-
ever, repeated activities (e.g., a student quickly and “automatically” filling in a
sequence of four notifications with the same answer at the end of a two-hour
class) increase the risk of reduced attention and typing errors.

4.8 Discussion

The key lesson learned from this section is that reaction time is the key factor to

be controlled to improve human answer quality. Controlling completion time
is considerably more challenging due to the numerous conflicting factors influ-
encing it and the small difference between the time taken to complete correct
and incorrect answers. To improve reaction time, it is essential to have accu-
rate information about the user’s location, activity, and social context—namely,
the current context in its various dimensions (e.g., situational, social, temporal).
This model demonstrates that simply noting whether the phone is on/off [195]
or if the subject is changing activity [146, 95] is insufficient. The combination
of different contextual dimensions, together with time, defines more precisely
when a user is most likely to respond and provide a correct answer.

Evidence suggests that if we aim to study human activities in the wild, lim-
iting observation windows to a couple of weeks, as suggested in [195], or to a
single historical moment is inadequate. Human activities vary according to so-
cial time activities (e.g., weekdays and weekends), seasons, and social relations.
There is no single best practice for conducting ESM research. The approach
depends on (a) the research question and design (e.g., event-based sampling,
time-based sampling, or a combination of both); (b) the phenomenon under in-
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vestigation, its frequency and regularity, complexity, and interaction with other
factors that need to be controlled (e.g., social context); and (c) the survey du-
ration. As with traditional survey research, we must continue to evaluate and
report the limitations and our strategies. The goal is to minimize errors and their
consequences.

Based on these considerations and the experience gained from the work de-
scribed in this thesis, we provide the following recommendations for organizing
the various aspects of an EMA/ESM experiment.

(a) Avoid voluntary participation. As several research studies have shown, par-
ticipants must be compensated [10, 109]. Without payment, user dropout and
non-cooperation increase.

(b) Avoid short time limits when responding to notifications. Over time, users
establish their own response routines. While a longer reaction time reduces
workload, it can increase memory errors. However, it is preferable to have
more responses, which can be excluded from analysis if necessary, than to have
no information at all.

(c) Avoid complex cognitive tasks and limit questions to simple, factual infor-
mation, especially during long observation periods (two weeks or more).

(d) Evaluate the duration of data collection and notification frequencies based
on the topics under study. If studying habits or specific daily routines, design
the observation time and notification frequencies according to the temporal evo-
lution of the phenomenon (e.g., days or weeks).

(e) Consider both short and excessively long completion times as part of the
response set. These responses are useful for computing median completion
times and the diversity of answers (e.g., when compared with other users).

(f) Use smartphone sensors to assess the probability that an answer is correct.
For example, sensors can be used to detect distractions or predict reaction times.

(g) Prioritize sending notifications when the phone is in active use (preferably
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when the user is on social media) and when the user is alone (preferably in
situations where the mood is likely lower or the user is bored, such as during
travel or self-care).

Three conclusive remarks are presented. First, assuming the focus should be
on improving reaction time, the next research question to address is: What is
the best time to ask a question? This raises the issue of how to determine the
optimal timing. Our recommendation is to minimize exogenous effects due to
context history. Future research should develop a holistic approach, enabling
systems to learn the best times to ask questions by considering optimal situa-
tional contexts and, where possible, the subject’s endogenous factors. In this
context, certain factors, such as procrastination syndrome and personality, can
be computed once and used as input parameters for the machine learning algo-
rithm; this research question will be handled in Chapter 6.

Second, the analysis in this part is based on data collected from a student
population. The sample selection is motivated by the accessibility of students
and their propensity for innovation and participation in research experiments.
This choice aligns with a longstanding tradition of studies focusing on this de-
mographic, as seen in [194, 195, 214, 82, 19]. To achieve broader generaliz-
ability of the results, future studies should extend this type of research to other
populations.

Third, in this study, we send questions according to a fixed schedule and
administer numerous questions to each participant daily. Given individual dif-
ferences in procrastination syndrome and personality, some participants may
become annoyed by the frequency of questions, potentially compromising the
quality of their responses. To address this issue in future studies, we should
minimize the number of questions, paying particular attention to reducing the
number of disruptive online questions. These questions should be prioritized
based on the risk of forgetting or the urgency of decision-making. Section 6.5
will address this aspect of our work.
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In this work, we have investigated the effects of various factors on the cor-
rectness of answers. Our study, based on an empirical analysis of a large dataset
of daily behaviors, captures a rich and multifaceted picture of individual behav-
iors and potential interaction errors.

Our results suggest that, while subjective annotations are useful in predict-
ing certain contextual patterns, they present a degree of error due to both ex-
ogenous and endogenous factors affecting response quality. Context history,
cognitive ability, attention, effort, motivation, burden, procrastination, mood,
and technical problems can increase the likelihood of stopping interaction with
the machine, non-compliance with the interaction protocol, reduced attention,
and consequently, decreased answer accuracy.

In research studies where users provide data to a third party, these prob-
lems add to many known issues. Examples include the social desirability effect,
which may prevent participants from reporting certain socially disapproved ac-
tivities [46]; unreported activities when perceived as privacy intrusions [38];
and the incorrect design of data collection instruments, such as a lack of an
exhaustive list of response alternatives allowed to the respondent [22, 88]. Fur-
thermore, in practical applications, collecting self-reported annotations is not
always feasible.
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Chapter 5

High-Quality Answers Collection
Methodology

5.1 Introduction

As we discussed in Chapter 1, many works are working on collecting human-
generated data. However, most of these studies have only concentrated on the
use of sensor data. This, in turn, has generated two types of errors, from the first
perspective, while providing a good objective representation of reality, sensors
are unaware of the subjective motivations behind a given individual’s activities.
From the second perspective, most noticeably sensor data validity, namely the
accuracy of the indicator of the phenomenon being measured, and data com-
pleteness; besides that, we also pay attention to the data quality of human input,
namely the time diary data collected directly from humans. In this section, we
use the WeNet dataset to explain and test our method, The WeNet dataset has
been introduced in Section 3.4.

To collect high-quality human input data, we present a methodology via three
key functionalities, where each feature builds upon and extends the features
offered by the previous one.

• Context modeling: representing the situational context: Understanding
and exploiting the personal context, including the user’s internal physical
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and psychological states, is crucial for the concept of thick data [72]. This
relevance has been highlighted in numerous personal mobile applications
(see, e.g., [103, 159, 193, 100, 214]). Knowledge of the user’s physical,
social, emotional, and informational states allows for better interpretation
of the vast amounts of big sensor data collected [42], enabling the cre-
ation of context-aware systems that adapt to users’ real-life conditions and
improving the relevance and quality of the collected data [53, 30]. The
key innovation is focusing on the context of the data collection itself. Our
methodology operates within a context whose sole purpose is to enhance
the awareness of the machine, participant, and researcher regarding the
data collection process, as a first step toward increasing control, quality,
and richness of the collected data. Our ultimate aim is to generate big-
thick data about the process of generating big-thick data, the former being
a key enabler for the latter. This part will be introduced in the Section 5.2.

• Planning language: representing the temporal context: An experiment is
modeled as a plan where each action—such as a human answer to a ma-
chine question, sensor data collection, or a machine answer to a human
question—is associated with a set of scheduling constraints and execution

annotations that encode information about past, present, and future ac-
tions. Examples of scheduling constraints include the time frame within
which a question can be asked and the condition that it should only be
asked when the participant is at home. Examples of execution annotations
include noting if an answer was not provided or was delayed by half an
hour. To this end, we have developed a representation language called
planning language, which allows for representing all context dimensions,
both temporal and situational, and using them to condition the activation
of user questions and sensor data collection. Any researcher designing
a data collection experiment can declaratively specify the questions to be
asked and the conditions under which they can be asked via a user-friendly
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graphical interface (e.g., calendar). This plan can be shared with experi-
ment participants before, during, and after data collection to build consen-
sus or obtain approval. This structured approach ensures that the context
in which data is collected is well understood and leveraged, enhancing the
overall quality and relevance of the collected data. This part will be intro-
duced in the Section 5.3.

• pbgc-Forest: learning human answer behavior: The data collection plan
can be revised in real-time by individual participants within bounds set by
the researcher, either for themselves or for a group of colleagues, or by the
researcher for one or more participants. The plan can also be revised by the
platform itself, based on a machine learning algorithm that has learned the
optimal and suboptimal times for obtaining high-quality responses. We
propose a novel algorithm for answer quality prediction, the PCA-based
multi-grained cascade Forest (pbgc-Forest), leveraging the concept of deep
forest (also known as multi-grained cascade forest, or gcForest) [215, 216].
In the case of conflicting suggestions, the researcher can establish a vari-
ation period (possibly null) within which they can modify the plan. The
decision of the machine can always be overridden by the participant and,
subsequently, by the researcher. The control hierarchy proceeds from the
researcher to the participants and then to the platform. This hierarchical
control system ensures flexibility and adaptability in the data collection
process, enhancing the quality and relevance of the collected data. This
part will be introduced in the Section 5.4.

5.2 Context modeling

To let machines understand human daily life, it is necessary to define human
personal context. The complexity in defining and understanding the notion of
personal life led to the development of a comprehensive concept of the personal
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situation context grounded on the practical aspects of everyday life. Taking a
sociological approach and focusing on individuals’ subjective perceptions of re-
ality, together with some objective information, gives a more accurate portrayal
of their reality. Undoubtedly, this gives rise to numerous concerns such as dif-
ficulties related to perception, the formation of more complex conceptions, and
the dissemination of information. The objective component of our approach
enables us to comprehend reality by using sensor data, hence enhancing our
representation of the everyday life constructed within this system. From the
subjective point of view, we decided to pose questions to the humans to let
them provide the information.

Several research predominantly collects contextual information from objec-
tive sources [193, 100]. However, we consider both quantifiable parameters,
such as time measured using sensors, and qualitative factors, such as moods
given by self-reports (questionnaires) as the experiments we have done in Sec-
tion 3. These together constitute what we refer to as the situational context.

The concept of context used in this section is built upon prior research in
[74, 82, 203, 73]. To explain how we use the notion of context in this setting, we
present a motivating example: an evening where the activities of a participant,
(me), are captured as in Figure 5.1:

• During a first period of time T1 (yellow box), me is at a pizzeria having
lunch with the friend John. They are having pizza and me is happy;

• Then, in the following period of time T2 (gray box), me is driving to work
alone and is in a scared;

• Finally, during T3 (pink box), me is in a meeting in office with the col-
league Li and me is in a neutral mood.

The above work is a set of daily scenarios, and we define the situational
context, which is the annotated context that can used to represent these scenarios
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Figure 5.1: A motivating example for everyday life.

in detail, for example, taking the scenario in T3, where me was having a meeting
at the office with Li.

Figure 5.2: A motivating example of situational context model.

Figure 5.2 shows the above scenario as a knowledge graph, representing
the personal context of the participant (me). The components of the graph are
explained as follows:

MyWorld = <Cxt, me >

where: me is the subject and Cxt is the context (real world) of the subject, in-
cluding elements in his local immediate surrounding. The red arrows in Figure
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5.2 show the relation between me and Cxt thus;

Cxt = < WA, WE, WI, WO, WU>

where:

• WA is the temporal context from answering the question; “WhAt are you
doing?”. In Figure 5.2, WA is the main event, i.e., meeting.

• WE is the spatial context generated from the question “WhEre are you?”.
In Figure 5.2, WE shows the most relevant location, i.e., the office.

• WI is the internal context generated from the question ”What mood are
you In?”. As shown in Figure 5.2, it is the emotional state (mood) of me,
i.e., Neutral.

• WO is the object context generated from the question “Which Object are
you with?”. In Figure 5.2, WO includes a few objects, e.g., the projector,
and the laptops.

• WU is the social context generated from the question “Who is with you
(U)?”. As shown in Figure 5.2, WU focuses on me’s colleague Li.

The obtained sensor data is used to integrate supplementary attributes into the
context. As an illustration, in Figure 5.2, the latitude and longitude attribute
values in the classroom entity of the WE context are sensor readings whereas
the mood, notification time and answer time attributes in ME are got from the
questions sent to ME (participant). Additional gathered sensor data includes;
accelerometer, social media apps, bluetooth devices among others, as detailed
in [75].

5.3 Planning language

We model the temporal context using the planning language, a scheduling lan-
guage developed on top of iCal. the iCalendar/RFC5545 (iCal) standard. Using
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the iCal standard provides three primary benefits, namely;

1. Researchers can use the Recurrence Rule1 (RRule) to simplify the formu-
lation of repeating questions and sensor collections.

2. Participants can easily modify their schedule by eliminating questions or
adjusting response times in a calendar, providing flexibility and conve-
nience, and

3. It enables us to convert our scheduling language into an open-source cal-
endar application, e.g., Fantastical Calendar2.

Our planning language is based on the iCalendar (iCal) standard, as defined
by the Internet Engineering Task Force (IETF) in RFC 5545, which is a widely
adopted format for representing and exchanging calendaring and scheduling
information. It facilitates the sharing of events, to-dos, journal entries, and
free/busy information across various systems and applications, including Mi-
crosoft Outlook, Google Calendar, and Apple Calendar. iCalendar is exten-
sively used for personal, professional, and organizational calendaring, providing
a flexible and comprehensive solution for managing schedules and tasks across
different platforms. This can also provide the flexibility to allow the participant
to change the time to provide feedback via the calendar component.

Key features of iCalendar include its interoperability and support for var-
ious data components such as VEVENT (events), VTODO (to-dos), VJOUR-
NAL (journal entries), VFREEBUSY (free/busy time), and VTIMEZONE (time
zones). Each component contains properties that define its details, including
start and end times, summaries, locations, and descriptions. In our work, we
define the novel VEVENT to collect questions and sensor data. The iCalendar
format also supports recurrence rules (RRULE) for defining repeating events.
The RRULE property in the iCalendar standard is a powerful feature that allows

1https://icalendar.org/iCalendar-RFC-5545/3-8-5-3-recurrence-rule.html
2https://flexibits.com/fantastical
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users to define recurring events, to-dos, journal entries, or time zone definitions,
making it easier to manage and schedule recurring activities.

The planning language allows participants to choose when they are avail-
able to answer questions or permit sensor collections (modify the plan), thereby
enhancing their attention and improving collaboration between participants, re-
searchers, and AI. In our methodology, the planning language organizes the
specification of an experiment in three main components, as follows:

1. the general schedule aggregating all the different components;

2. The question-answering component;

3. The sensor data component.

We introduce below a snapshot of these three components using the Bachus-
Naur Forms (BNFs) notation and describe their main features.

Experiment General schedule:

<User> := <Calendar> ;
<Calendar> := <calendar id>, <Context collection> ;
<calendar id> := Integer ;
<Context collection> := <Question collection> | <Sensor

collection> ;

Figure 5.3: Experiment general schedule.

A key observation is that a user may be associated with multiple calendars,
each containing multiple question collections as well as multiple sensor collec-
tions. This design allows a user to participate in multiple experiments simulta-
neously and facilitates diverse data collection within the same experiment. The
calendar id distinguishes the different calendars used by the user in the
same experiment.
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<Question collection> := <Qid>, <time>, <status>, <RRule>,
<question> ;

<Qid> := Integer ;
<time> := <notification time>, <answer time>,

<end time> ;
<notification time> := DateTime ;
<answer time> := DateTime ;
<end time> := DateTime ;
<status> := Boolean ;
<RRule> := <Interval>, <Count>, <Frequency> ;
<Interval> := Integer ;
<Count> := Integer ;
<Frequency> := Daily | Weekly | Monthly | Yearly ;
<question> := <question id>, <dtstart>, <dtend>,

<question category>, <content>,
<question type> ;

<question id> := Integer ;
<dtstart> := DateTime ;
<dtend> := DateTime ;
<question category> := WA | WE | WU | WO | WI;
<content> := <question content>, <answer content>

;
<question content> := String ;
<answer content> := String ;
<question type> := Dichotomous Question | Multiple choice question |

Single choice question | Free Text Question | Image
Question ;

Figure 5.4: Question collection.
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Planning Language for Questions:

Question collection is a way to collect context data via the calen-
dar, with each question collection composed of a unique id Qid to identify the
questions, a Recurrence Rule (RRule), a time range about the questions,
a questionnaire, and a status, here we especially add the last three factors
to make the planning language become more concrete with the questions, then
we explain these factors in detail. Time includes the notification time,
which is the time the participant’s smartphone received questions; the answer
time, which is the time the participant started to give answers; and the end
time, which is the time the participant finishes giving the answer and submits.
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 RRule specifies the values used to determine each recurrence and how
the event should be repeated. The RRule includes three elements: interval,
count, and frequency. The interval specifies the number of frequency units
that must elapse before the next occurrence of the event. The frequency defines
the unit of time for repetition, such as daily, weekly, or yearly, whereas the
count specifies the number of times the event will be repeated. A question is
composed with a start time (dtstart) and end time (dtend). For the defi-
nition of the question category, we base on research in [73, 74] and our
context modeling methodology in Section 5.2. For the content part, we have
the <question content>, which means the text of the query we intend
to pose to the participant, e.g., “What are you doing?”, the potential answers
would be included in the <answer content>, e.g., “Meeting”. For the defi-
nition of <question type>, we follow the inspiration in [32], which shows
the participants how they can answer the questions.

Example of planning language for questions: Table 5.1 provides a real-world
example of our planning language for questions based on the WeNet experi-
ment, which we described in Section 3.4. Our aim is to comprehend the user’s
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situational context, for which we pose several questions to a user. For instance,
the question in the first column is designed to gather information about the tem-
poral context (WA). Questions in the second and third columns are intended
to collect spatial context (WE) and social context (WU) information, respec-
tively. To provide the user with greater flexibility in their responses, we opted
for multiple-choice as the question type. The plan was to dispatch the question
to the participants 48 times a day (once every 30 minutes) over a span of 28 days
(four weeks). This was achieved by setting an RRule with a daily frequency, an
interval of 48, and a count of 28. In addition, from the last column of Table
5.1; the question was designed to understand the participant’s internal context.
To encourage them to respond, we employed 5 images to represent different
moods. Our plan was to send this question to the participants 24 times a day
(once every hour) for 28 days (four weeks), by setting an RRule with a daily
frequency, an interval of 24, and a count of 28.

Table 5.1: Sample questions used in the WeNet project

Qid question content question category RRule question type answer content
Interval Count Frequency

1 What are you doing? WA 48 28 Daily Multiple choice question
The participant was provided 34 answer categories

such as sleeping, eating, etc.

2 Where are you? WE 48 28 Daily Multiple choice question
The participant was provided 26 categories

such as home, university, restaurant, etc.

3 Who is with you? WU 48 28 Daily Multiple choice question
The participant was provided 8 categories

such as alone, partner, friends, etc.

4 What is your mood? WI 24 28 Daily Image question
The participant was provided a scale of 5 levels

ranging from happy to sad.

Note: The columns in Table 5.1 correspond with the BNF depicted in Fig. 5.3.
Specifically, the Qid and RRule align with the parameters under the Question
Collection category. Other parameters within the Question Collection

category, namely time and status, are associated with the participant’s an-
swer process and are therefore not displayed in the table. Similarly, under the
Question category, the dtstart and dtend parameters are not shown in
the table due to the same considerations. In addition, the question type has
been shown in the Table 5.1 because this should be designed by the researchers
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before sending the questions to participants. Furthermore, the question content
and answer content fall under the content category within the question
part, as with question type.

Planning Language for Sensor Data:

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

<Sid> := Integer ;
<dtstart> := DateTime ;
<dtend> := DateTime ;
<sensorRRule> := <Interval>, <Count>, <Sfrequency> ;
<Interval> := Integer ;
<Count> := Integer ;
<Sfrequency> := Millisecondly | Secondly | Minutely | Hourly ;
<sensor> := <Name>, <Description>, <Sensor type> ;
<Name> := String ;
<Description> := String ;
<Sensor type> := Social | Motion | Location | Inertial | Device | Ambient;

Figure 5.5: Sensor data collection.

Sensor collection refers to the method of gathering context data via the
calendar, identified by a unique sensor id (Sid). Since the i-Cal standard’s
RRule cannot handle recurring events at the minute or second level for sensor
collection, we had to define a new entity type, the sensorRRule, which is
similar to the RRule but handles sensor frequency (Sfrequency) at the mil-
lisecond, second, minute, and hour levels. A sensor is specified by a name,
which indicates the sensor’s identifier; a description, which explains how
the sensor can be used; and a sensor type, which informs the user of the
purpose for collecting this type of sensor data.

Example of planning language for sensor data: Table 5.2 serves as a real-
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world example of our planning language for sensor data based on the WeNet
experiment, which we described in Section 3.4. Our objective was to understand
the participant’s situational context based on the sensor type. For instance, sen-
sors in the first, second, and third columns were used to collect social, ambient,
and location types of sensor data, respectively. We planned to gather this sensor
data every minute for a duration of 14 days. This was achieved by setting a sen-
sorRRule with a minutely, an interval of 1, and a count of 20160. Additionally,
for sensors in the fourth and fifth columns, which are used to collect device and
inertial data, we planned to collect their data every 5 seconds for a period of
14 days. This was facilitated by setting a sensorRRule with a frequency set to
secondly, an interval of 5, and a count of 1209600.

Table 5.2: Sample sensor data collected in the WeNet project

Sid Name Sensor type sensorRRule Description
Interval Count Sfrequency

1 Bluetooth Device Available social 1 20160 Minutely Bluetooth low energy devices detected
2 WIFI Networks Available ambient 1 20160 Minutely List of WIFI networks detected by the smartphone
3 Location location 1 20160 Minutely Location information using GPS connections
4 Applications device 5 1209600 Secondly Name of the applications that are in the front end
5 Acceleration inertial 5 1209600 Secondly 3D vector of the acceleration

Note: The columns in Table 5.2 correspond with the BNF depicted in Fig.
5.5. Specifically, the Sid and sensorRRule align with the parameters under
the Sensor Collection category. Other parameters within the Sensor
Collection category, namely dtstart and dtend, are associated with
the user’s answer process and are therefore not displayed in the table. Further-
more, the Name, Description and Sensor type fall under the sensor within
the Sensor Collection scope.

In summary, our planning language offers researchers enhanced flexibility
in formulating questions with varying frequencies using the RRules. Our plan-
ning language further empowers researchers to craft questions in their preferred
format, such as free text or multiple choice. Researchers are also accorded the
flexibility to design the recurrence for sensor data collection and categorize sen-
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sors based on their intended usage. Moreover, we provide participants with the
capability to track feedback time via their calendars. On top of extending the
iCal standard, our novel planning language maintains compatibility with vari-
ous open-source packages that visualize calendars. The calendar enables users
to synchronize data collection events with their real-life schedules and evaluate
whether these events disrupt their daily activities.

5.4 The pbgc-Forest algorithm

As our goal is to enable the machine to automatically identify the optimal mo-
ments when participants can provide high-quality answers, the current machine
learning algorithms, while capable, do not achieve high accuracy, rendering
their results somewhat unreasonable. To address this issue, we introduce a
novel methodology for answer quality prediction: the PCA-based multi-grained
cascade Forest (pbgc-Forest), which leverages the concept of deep forest (also
known as multi-grained cascade forest or gcForest) [215, 216]. This approach
is characterized by three distinct features:

1. Cascaded Structure: In the context of deep neural networks, represen-
tation learning primarily relies on the layer-by-layer processing of raw
data. Drawing inspiration from this principle, the cascaded structure serves
as a crucial mechanism to emulate deep models. Each layer in the cas-
cade processes feature information transferred from the preceding layer
and forwards the current processing result to the subsequent layer. Each
layer within this cascaded structure constitutes an ensemble of decision
tree forests, effectively creating an ensemble of ensembles.

2. Multi-Grained Scanning: The scanning process can be described as fol-
lows: Initially, a sliding window of length K scans the complete P -dimensional
sample, yielding S = (P−K)+1 subsample feature vectors (K-dimensional).
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Each subsample is then used for training completely-random tree forests
and random forests. Each forest generates a probability vector of length
C, resulting in each forest having a representation vector of length S ×C.
The forests in each layer are concatenated to produce the output layer.
The sliding window mechanism effectively leverages various sizes of sam-
ples, capturing more characteristics of the sample and truly realizing multi-
granularity.

3. Tree-Based Integrated Model: By employing deep forest, we obtain
an effective learning scheme that capitalizes on an interpretable and reli-
able model for future mood prediction. This scheme requires significantly
fewer parameters and is less sensitive to parameter settings.

Figure 5.6: The architecture of pbgc-Forest model
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To illustrate how the pbgc-Forest identifies optimal moments for participants
to provide high-quality answers, we present the architecture of the pbgc-Forest
in Figure 5.6. Initially, data collection is performed using our novel platform,
which gathers big-thick data from participants, followed by normalization to
obtain original feature data. This dataset is then split into training and test
sets, with the training set’s answer quality features scanned through a multi-
dimensional window and input into the random forest for feature transforma-
tion, yielding high-dimensional features. Next, PCA feature extraction is con-
ducted on the transformed features, where they are normalized, the optimal
number of PCA principal components is selected via singular value decom-
position, and the feature space is transformed to obtain reduced-dimensional
features for input into the cascade forest. These PCA-extracted features are
first fed into the initial layer of the cascade forest for training, after which en-
hanced features from each layer are combined with the PCA-extracted features
and passed to subsequent cascade forest levels. Finally, the test dataset is input
into the trained model to make classification predictions and output diagnostic
results, ensuring the pbgc-Forest can effectively identify the optimal times for
participants to provide high-quality answers using advanced machine learning
techniques to enhance data collection and analysis.

In essence, our approach presents an innovative and efficient solution for
answer quality prediction by harnessing the power of deep forest. As we con-
ducted the data collection process ourselves, and there are no other studies us-
ing the same data, the effects of our experimental methods are not compared
with others’. This is because different methods of collecting experimental data
and different characteristics for prediction can produce vastly different results.
Therefore, we employed multiple machine learning methods to confirm the ef-
fectiveness and feasibility of our proposed method. The real-world experimen-
tal data used for classification encompasses both numerical and categorical val-
ues, it is crucial to consider which types of classifiers would perform well on
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such data, as it is not immediately apparent without evaluation. For instance,
tree-based classifiers (e.g., Deep forest and Random Forest) generally perform
well and are robust on such types of data. The features of our data may not
be independent, with examples including the interaction between activity and
location (e.g., a participant in the classroom is always studying and not eating).
Domingos and Pazzani [57] demonstrated that Bayesian classifiers can be ap-
plied to such data and can achieve good performance. Additionally, tree, rule,
and Bayesian-based classifiers are widely adopted in the domain of interrupt-
ibility prediction, such as Random Forest, ANN, and Naive Bayes.
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Chapter 6

Answer Quality Prediction

6.1 Introduction

After we know the reaction time is the key factor that can impact human answer
quality in Chapter 4 and the high-quality answers collection methodology in
Chapter 5, the following step is to find the optimal moment to pose questions to
a participant, with the aim of enhancing the quality of the responses. In this con-
text, the quality of a response is defined as the minimal number of errors made
when answering machine-generated questions. To the best of our knowledge,
no existing study has specifically focused on the quality of human answers.
Current research in the field of human-in-the-loop AI primarily concentrates on
predicting the most suitable time to send notifications, see, e.g., [132]. The re-
searchers consider the objective factors that can influence the time of checking
notifications, rather than taking into account the subjective perspective. Varia-
tions in individual personality traits [58], human values [167], and experiences
can result in differing response behaviors among distinct individuals [130].

We already know that the quality of responses is influenced by reaction time,
which is defined as the time interval between receiving the notification and pro-
viding an answer; the less reaction time, the higher the quality of answers. In
this Chapter, we will test which parameters impact reaction time and, there-
fore, influence human answer quality. We consider three factors that can impact
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human answer quality:

1. Situational Context: As described in Chapter 5, human daily life can be
considered a set of situational contexts. If a participant receives questions
at an uninterrupted moment (e.g., while driving or in a meeting), they can-
not respond promptly, leading to longer reaction times and, consequently,
lower answer quality.

2. Human Differences: Individual variances in personality traits, lifestyles,
and experiences can lead to different behaviors in distinct individuals, even
in the same situational context. For example, introverts might experience
discomfort at social events, while extroverts might derive enjoyment [130].

3. Number of Questions: Frequent questions from smartphones can be
intrusive, resulting in annoyance and a reduction in work and study effi-
ciency [155]. This can lead to survey fatigue, where participants become
weary or lose interest in the survey, resulting in lower answer quality [106].

To solve the above issues, we propose three research questions(RQs):

• RQ1: How does situational context influence the answer quality?

• RQ2: Which subjective or objective factors significantly impact the pre-

diction accuracy of answer quality?

• RQ3: How many questions can be answered with high-quality answers per

day?

Answers can be annotated with labels based on their quality as ‘High’ or
‘Low’. This involves first calculating the reaction time of these answers us-
ing Equation (4.1) (reaction time (tr) values of unanswered records are set as
∞). Subsequently, we use Equation (4.3) to indicate the quality of the answers.
There is a relationship between reaction time and answer quality. For different
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datasets, the cut-off point of reaction time is challenging to determine, depend-
ing on the proportion of good-quality answers in the databases and the expected
quality from answer collectors, etc. In Chapter 4, we found that the mean reac-
tion time of the correct answers is 38 minutes, considering the time interval of
each question (30 minutes), we propose the cut-off point of reaction time (RT )
can be set at 30 minutes to differentiate between high-quality and low-quality
answers. Based on the answer quality, we annotated answers with labels (e.g.,
‘High’ or ‘Low’; ‘1’ or ‘0’). In other words, we regard the participant’s inter-
ruptibility as a binary predicted variable, which signifies whether the participant
could respond to the questions within 30 minutes or not, and consequently, the
quality of the responses.

To address the issue of data consistency, we use a different dataset, the
WeNet dataset, than the one used in the Chapter 4. The WeNet dataset is in-
troduced in Section 3.4. We present the features employed to address three
research questions (RQs) in Section 6.2. Sections 6.3, 6.4 and 6.5 address
Research Questions RQ1, RQ2, and RQ3 respectively. Finally, Section 6.6
presents the conclusions drawn from our work in this Chapter.

6.2 Features

Table 6.1: Data types used in this survey.

Feature Description
Sex Gender at birth: Male / Female

Department Recoded department
Degree Recoded degree
What What are you doing? when answer

With whom With whom are you? when answer
Where Where are you? when answer
Mood Mood at the time of answering: Sad – Happy (1-5)
Week Day of the week (1-7)

Cohort Classification of participants based on gender and degree
Day of survey The number of day of the survey

Hour Time of answer in biotime clock (1-24, 05:00=1 at 5am)
seqtot mean Mean frequencies of answers in each hour

Personality traits Big Five personality traits scale [58]: Extroversion, Agreeableness, Conscientiousness, Neuroticism, and Openness.
Human values Schwartz scale [167]: Benevolence, Conformity, Security, Tradition, Universalism, Self-direction, Stimulation, Hedonism, Achievement, and Power.
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We introduce a series of metrics derived from quantifying users’ profile in-
formation and situational context. These metrics underpin our explanatory and
predictive models, which we will detail in the subsequent section. Some of
these metrics have been extensively used in the ubiquitous computing com-
munity [206], while others, such as human values, are novel. We present all
features in Table 6.1. And we showed the detailed information as follows:

Time context: Chen and Kotz [40] propose the inclusion of Time Context in
the interruptability model, as time is a fundamental and natural context in which
human, physical, and computing contexts are recorded over time to compile a
context history. Our experiment spanned four weeks. We segmented the time
context into three categories: Hour, Week, and Day of the survey. We consider
the hour to commence at 5:00 and conclude at 4:00 the next day, ranging from
1 to 24. The week extends from 1 to 7, representing Monday to Sunday. Lastly,
on the day of the survey, our experiment lasted for 28 days. We would like to
know whether the participant can provide different answer behavior during the
different experiment periods, e.g., the beginning and the end of the survey. A
prolonged experiment can impose a burden on humans. As [67] defines, burdens
as being associated with the content and presentation of the questionnaire and
the modes of data collection. In other words, the longer the experiment endures,
the greater the burden on the participants.

Social demographic: Social Demographic is a feature consistently used to
characterize different individuals through a set of ascriptive (e.g., sex) and ac-
quisitive (e.g., degree and department) traits [24], as well as the cohort age fea-
ture to depict the groups of participants and ascertain how social demographic
information can impact the time taken to answer questions.

Situational context: From a smartphone perspective, context is a multidimen-
sional concept where environmental, social, and technical conditions interact.
To comprehend the participants’ situational context, we posed three multiple-
choice questions: What are you doing?, Where are you?, and Who are you
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with?. The responses to these three questions enabled us to gather information
about what we term the event context, the spatial context, and the social context,
the three primary dimensions of the situational context as defined in [74].

Personality Traits: In smartphone data collection experiments, researchers
have observed that some individuals are willing to participate in extensive sur-
veys, experiencing little to no burden, while others discontinue participation
within a minute [200]. It is evident that these factors can vary differently at
different times, even for the same individual, and can differ from one person
to another. It is known that the psychological state of the interviewer prior to
contact may influence their behavior during the interaction [87]. Methodolo-
gists have begun to pay attention to these aspects. Empirical evidence indicates
that the response style factor is strongly correlated with personality, notably the
“Big Five” factor [58].

Human Values: Besides the Big Five, from the perspective of personality trait
theory, we hypothesize that there is an alternative approach to comprehensively
understanding humans. From this hypothesis, we discovered Human Values
(Schwartz scale [167]), which categorizes humans into ten dimensions. We
posit that human values can provide a more comprehensive explanation of peo-
ple’s behavior than the big five personality traits. This is the first instance of
introducing human values into the interruptibility prediction model.

Mood: While personality traits and human values do not frequently change
over time, a respondent’s mood can often fluctuate within the same day. Re-
cently, researchers have shifted their focus to respondents’ moods [69]. Steel
[177] posits that mood can induce procrastination, causing participants to de-
lay answering questions. Moreover, it is probable that mood may influence the
memory, motivation, and accuracy of the answers.
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6.3 Answer quality variation by context

Firstly, we employ a multilevel logistic regression model to address RQ1. We
employ a multilevel logistic regression approach to model it with an underly-
ing continuous variable and assume a normal distribution for the underlying
continuous value. Hence, the interruptibility binary is generated by a thresh-
olded cumulative-normal model. We treat both the categorical variables (e.g.,
location, activity, relations) and the continuous variable (e.g., time) as numeric
variables. Subsequently, the result is divided into six macro areas. The first
is the time context. The second, third, and fourth are, respectively, the spa-
tial, event, and social contexts. The fifth and sixth pertain to the respondent’s
characteristics, which are moods and human values.

Impact of Time Context on Answer Quality: Figure 6.1 illustrates the per-
centage of questions answered out of the total messages received during the first
two weeks. The x-axis represents the hour of the day, and the y-axis signifies
the probability of participants providing high-quality answers. The maximum
contribution interval is between 7:00 and 8:00. This is primarily because par-
ticipants start to wake up and check the questions. The time axis is based on
a biological rhythm rather than a calendar basis, i.e., the time window com-
mences at 5:00 and concludes at 4:00 the following day. Indeed, a participant’s
day does not necessarily begin at midnight and end at midnight on the same day.
We selected 5:00 as the starting point because more than 98% of participants are
asleep at that time and begin to awaken.

Impact of Spatial Context on Answer Quality: We conducted an analysis of
nine commonly visited place categories, such as University, Home, and out-
doors. The results are depicted in Figure. 6.2. It can be observed that when
participants are in the university, they exhibit a higher likelihood of responding
to questions promptly (58%). This finding contradicts our initial expectations,
which had assumed a lower likelihood of answering questions within 30 min-
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Figure 6.1: Responses filled out on messages received during the day (in %).

utes at a university. Conversely, when participants are at the workplace, they
demonstrate the lowest likelihood (32%) of responding to questions promptly.
In these results, we only consider the location as a variable in this analysis.
However, in real life, individuals often inhabit different places with different
people or engage in various activities. The reason we only consider one feature
in a subsection is to avoid collinearity between the three dimensions of the time
diary.

Impact of Event Context on Answer Quality: In this analysis, we have cate-
gorized the activities into 10 distinct types, such as Traveling, Working, Eating,
and Using social media. The results are presented in Figure 6.3. It is evident that
activities can influence the likelihood of answering questions within 30 min-
utes, and consequently, the quality of answers. For instance, when participants
engage in social media activities, they exhibit a 72% likelihood of answering
questions within 30 minutes. Conversely, when participants are enjoying free
time, they demonstrate a lower likelihood of promptly answering questions, as
they are preoccupied with other tasks and may not have the time to attend to
smartphone notifications.

Impact of Social Context on Answer Quality: We categorized different in-
teractive individuals into eight groups: Alone, Friends, Relatives, Classmates,
Roommates, Partners, Colleagues, and Others. The results are presented in
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Figure 6.2: The statistical result of answering questions within 30 minutes at different places.

Figure 6.3: The statistical result of answering questions within 30 minutes at different activities.
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Figure. 6.4. It is evident that personal relationships can influence the quality
of answers. For instance, when participants stay Alone, they exhibit a higher
likelihood (55%) of promptly answering questions. Conversely, when they are
with a colleague, they demonstrate a lower likelihood (42%) of providing high-
quality answers.

Figure 6.4: The statistical result of answering questions within 30 minutes at different interact
persons.

Impact of Mood state on Answer Quality: Mood states were conceptualized
as a five-tier scale, i.e., sad, a bit sad, neutral, a bit happy, and happy. The
outcomes are depicted in Figure. 6.5. Our observations indicate a detrimen-
tal effect of emotional state on the mean probability of responding to queries
within a 30-minute timeframe. This insinuates that individuals exhibit height-
ened attentiveness towards notifications when experiencing negative emotions.
A contemporaneous study [192] also discovered an augmentation in reaction
time as the user’s emotional state ameliorates, thereby diminishing the qual-
ity of responses. The findings from this study corroborate this observation and
concurrently underscore the existence of a causal relationship.

Impact of Individual difference on Answer Quality: Several studies have in-
corporated personality traits into the interruptibility model (see, e.g., [206]), yet
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Figure 6.5: The statistical result of answering questions within 30 minutes at different moods.

Table 6.2: Multilevel logistic regression prediction results of personality traits.

Personality Traits W 1 W 2
Extraversion -0.004** -0.006
Neuroticism 0.006** 0.005

Openness -0.006** 0.000

they do not account for the influence of distinct personality traits on the quality
of answers. In this part, we not only incorporate personality traits into the inter-
ruptibility model but also take into account human values, which offer a more
granular categorization of individual differences. The results are presented in
Table 6.2 and 6.3. As we treat personality traits and human values as continu-
ous variables rather than discrete categories, they are differentiated by their high
and low values. Upon evaluating the best fit of the interruptibility model, two
personality traits and one value variable were omitted from the two tables due
to their negligible impact on the likelihood of responding to questions within a
30-minute window.

Subsequently, we elucidate the significance of the parameters depicted in
the following two tables. Here, “*” denotes p <0.1, indicating relatively weak
statistical significance; “**” denotes p <0.05, indicating moderate statistical

86



Table 6.3: Multilevel logistic regression prediction results of human values.

Human Values W 1 W 2
Conformity 0.172* 0.304**
Tradition -0.080 -0.046

Benevolence 0.104 -0.166
Universalism -0.259*** -0.328**
Self-direction 0.280*** 0.423**
Stimulation -0.078 -0.080
Hedonism 0.283*** 0.361***

Achievement -0.210*** -0.200*
Power -0.190*** -0.269**

significance; “***” denotes p <0.001, indicating strong statistical significance.
The absence of stars denotes p >0.1, indicating no statistical difference from
the reference. W1 refers to the first two weeks and W2 refers to the second two
weeks.

We introduce human values as an example to illustrate how to interpret these
tables. As the human values are derived from a set of questions, we obtain
precise values for each human values feature. Here, we demonstrate the im-
provement from the high value to the low value. Let us consider the coefficient
of “Hedonism”. Given that it is 0.283 in the first two weeks, we infer that at
any time t, the probability of answering questions within 30 minutes at t at high
Hedonism value is 1.327 times the low Hedonism value, with the odds value
being e0.283 = 1.327; Similarly, in the second two weeks, the high value of He-
donism is 1.435 times the likelihood of answering questions within 30 minutes
compared to a person with a low value of Hedonism, implying that individuals
with a high value of Hedonism consistently provide higher quality answers than
those with a low value of Hedonism.

Answer to RQ1: Our analysis corroborates that contextual factors influence the
quality of answers, aligning with state-of-the-art research on smartphone notifi-
cations [132]. For instance, our dataset reveals that individuals typically exhibit
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high-quality answers during a negative mood. Between the hours of 7 AM and 9
AM. This is particularly evident when they are in a university setting, library, or
at home, while using social media applications or during public transportation.
Individuals are more inclined to respond to questions when spending time with
family or when alone. Furthermore, our analysis results indicate that individual
differences, specifically personality traits and human values, can significantly
impact the answer behavior across different participants.

6.4 Answer quality variation by human difference

Next, we evaluate various models to identify the most significant features for
prediction, thereby providing an answer to RQ2. In this part, we initially pre-
dict whether participants can respond to questions within a 30-minute window,
which is indicative of their ability to provide high-quality answers. We opt for
the most frequently employed classifiers in the Human and AI domain to extract
information from the interruptibility model [11]. Specifically, we assess Ran-
dom Forests (RF), K Nearest Neighbors (KNN), Logistic Regression, Support
Vector Machines (SVM), Gaussian Naive Bayes, and the pbgc-Forest we intro-
duced in Section 5.4. The classifiers were trained to use 5-fold cross-validation
[111] on the comprehensive training and testing sets for all participants. We al-
located 80% of the data to the training set and the remaining 20% to the testing
set. We executed all experiments 5 times independently, adopting the median
of the 5 outcomes as the final results presented in this section, to decide which
classifier could be used for the further experiment. Subsequently, our objec-
tive is to identify which features can significantly influence the likelihood of
promptly responding to a question.

In the above section, we conducted an analysis of how individual features
influence the quality of answers. Subsequently, based on the outcomes de-
rived from the explanatory model, we amalgamated all the features and aimed
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to predict whether the participant could furnish high-quality responses under
the given circumstances. To facilitate a comparison of classifiers, we opted to
binary encode the quality of responses. Specifically, if the participant responds
to questions within a 30-minute window, we designate this situation as con-
ducive for posing questions as it enables us to procure high-quality responses.
As depicted in Table 6.4, pbgc-Forest surpasses the other four classifiers and
can attain a prediction accuracy of 0.764. Accuracy is defined as the ratio of
correct predictions to the total number of predictions.

Due to the accuracy paradox [217], we also reported precision, recall, F1
score, Area Under the Curve (AUC), and kappa values. Precision, which mea-
sures the exactness of the classifier, is the ratio of true positive predictions to all
predicted positive predictions. Recall measures the completeness of the clas-
sifier and is the ratio of true positive predictions to all positive class values in
the data. The F1 score is a weighted average of precision and recall, measuring
their balance. The Area Under the Curve (AUC), a performance metric for clas-
sification models, is derived from the Receiver Operating Characteristic (ROC)
curve. The ROC curve is constructed by plotting the True Positive Rate (TPR)
against the False Positive Rate (FPR) at various threshold settings. The AUC
value, which ranges between 0 and 1, serves as an indicator of the classifier’s
performance. An AUC value of 1 denotes a perfect classifier, while an AUC
value of 0.5 implies that the classifier’s performance is equivalent to random
guessing. Kappa is a measure of agreement between a pair of variables and is
commonly used as a metric of interrater agreement in a dataset. The findings
suggest that the pbgc-Forest classifier outperforms other models, thereby mak-
ing it the preferred choice for subsequent experiments. It achieves the highest
accuracy and exhibits superior performance in terms of the AUC metric.

Next, in the subsequent phase, our objective is to evaluate the contribution of
different features, e.g., situational context, personality traits, and human values.
Consequently, as depicted in Table 6.5, we have six distinct models to ascertain

89



Table 6.4: Prediction results of different machine learning classifiers.

Classifier Accuracy Kappa Precision Recall F1 score AUC
pbgc-Forest 0.7637 0.4681 0.7215 0.7360 0.7147 0.7440

Random Forest 0.7283 0.4472 0.7092 0.7283 0.7200 0.7105
KNN 0.7111 0.4389 0.7023 0.7254 0.7229 0.6894

Logistic Regression 0.7017 0.3914 0.6595 0.7003 0.7002 0.5121
Gaussian Naive Bayes 0.6687 0.3405 0.6081 0.6687 0.6761 0.5143

SVM 0.7082 0.4097 0.6712 0.7082 0.7104 0.5485

Table 6.5: Set different model to test the most important features.

Model Vars description
Model 1 This is the basic model. The variables used are: Weekday; Day of survey ; Hour of the day.
Model 2 The second model add to the Model 1 the following social demographic variables: Sex; Department; Degree, and Cohort.
Model 3 The third model add to the Model 2 the following variables from the time diary:What are you doing, Where are you, With whom are you, Mood.
Model 4 The fourth model add to Model 2 the personality traits and human values.
Model 5 Model fifth model combine Model 3 and Model 4 together.
Model 6 The last model, add to Model 5 the answer profile (i.e., the average of answer on massages).

the result. The initial model, Model 1, is the fundamental model, where we use
basic variables, i.e., the day of the week, the day of the survey, and the hour
of the day. The second model is predicated on Model 1 and incorporates social
demographic values, that are, i.e., sex, department, degree, and user age cohort.
Subsequently, Models 3 and 4 are the most crucial models. They are predicated
on Model 2. Model 3 supplements Model 2 with situational context, inclusive
of users’ responses to time diary queries. Model 4 is also predicated on Model
2 and incorporates personality traits and human values as context. These two
models will exhibit clear contribution results for understanding the situational
context or personality with human values, which will be more beneficial in pre-
dicting whether participants will respond to questions within 30 minutes and,
therefore, furnish high-quality answers. Subsequently, we amalgamate the dif-
ferent features in Models 3 and 4 into Model 5 to ascertain whether utilizing
both situational context, personality, and human values will be more advanta-
geous for prediction. Finally, Model 6 is predicated on Model 5 and incor-
porates the average response times of questions in each hour. We present the
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Table 6.6: Prediction results of pbgc-Forest classifier in the train set.

Model Accuracy
train

Precision
train

Recall
train

F1 score
train

Model 1 0.6513 0.6323 0.7776 0.6975
Model 2 0.6853 0.6726 0.7502 0.7093
Model 3 0.7388 0.7236 0.7749 0.7484
Model 4 0.7575 0.7355 0.7989 0.7659
Model 5 0.7746 0.7518 0.8084 0.7791
Model 6 0.7741 0.7527 0.8054 0.7782

Table 6.7: Prediction results of pbgc-Forest classifier in the test set.

Model Accuracy
test

Precision
test

Recall
test

F1 score
test

Model 1 0.6486 0.6311 0.7723 0.6946
Model 2 0.6876 0.6816 0.7300 0.7050
Model 3 0.7435 0.7372 0.7571 0.7470
Model 4 0.7616 0.7426 0.7941 0.7675
Model 5 0.7810 0.7649 0.7983 0.7812
Model 6 0.7802 0.7632 0.7995 0.7809

results in Table 6.6 for the training set and Table 6.7 for the testing set. It is ev-
ident that the accuracy of Model 4 (0.7616) surpasses that of Model 3 (0.7435),
which implies that personality traits coupled with human values exhibit superior
prediction performance than situational context. Additionally, Model 5 (0.7810)
demonstrates that utilizing situational context, personality traits, and human val-
ues collectively can achieve the optimal performance in predicting the quality
of responses.

In summary, we used the pbgc-Forest model to achieve a prediction accuracy
of 78.1%. When employing features such as personality traits, human values,
social demographics, and time context, the model achieved a prediction accu-
racy of 76.2%. This surpasses the prediction accuracy of 74.3% achieved when
employing features such as situational context, time context, and social demo-
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graphic information. Our results suggest that human values and personality
traits exert a significant influence on response behaviors and the reaction time
of responding to questions and consequently impact the quality of responses.

Answer to RQ2: Our observations indicate that individual differences, specif-
ically personality traits and human values, can exert a more pronounced in-
fluence on the prediction of answer quality than attributing significant weight
to the situational context. Furthermore, we can procure optimal outcomes by
amalgamating individual differences and situational context.

6.5 Answer quality variation by the number of daily ques-
tions

The number of questions is always designed by the experiment manager before
the beginning of an experiment for better questioning, e.g., considering how
many answers are needed from the participants. Experiment managers are will-
ing to get plenty of answers from participants, so they would like to ask many
questions per day [61]. Jeong et al. [106] indicate that an excessive quantity of
questions can invariably precipitate survey fatigue, a state wherein participants
experience weariness or diminished interest in the survey, thereby compromis-
ing the accuracy of answers. Consequently, the number of questions emerges
as a factor influencing answer quality. Our aim is to send fewer questions to
participants but get a higher percentage of high-quality answers. And we pro-
pose that the number of daily questions should be the number of high-quality
answers that could be provided by most participants.

The number of daily questions is designed to correspond to the number of
high-quality answers that most participants can provide each day. First, we
calculate the average number of high-quality answers each participant provides.
Next, participants are grouped based on their average number of high-quality
answers, meaning two participants are in one group only if they have the same
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average number of high-quality answers. Finally, we identify the group with
the most participants. The number of daily questions is an integer closest to the
average number of high-quality answers in this group.

Finding the number of daily questions: To clarify the annotation process of
answer quality. We show the part of the pre-processed and anonymized (e.g.,
‘1970-01-08’) dataset, as shown in the Day, Activity Answer, Notification Time

and Answer Time columns in Table 6.8, where values of Activity Answer are
participants’ answers to the question of ‘What are you doing?’. Based on our
workflow, we aim to calculate the reaction time and then annotate answer qual-
ity for each record in our WeNet dataset, as examples of Reaction Time and
Answer Quality columns in Table 6.8.

Each record includes the value of Notification Time, namely the time when
the participant’s smartphone receives this question, and the value of Answer

Time, namely when the participant starts to answer this question. Based on the
Equation 4.1, we can calculate the reaction time for each record that has been
answered. If a participant gives no answer to the question, we set Reaction Time

values ∞. Secondly, after knowing the reaction time for all of the records in the
WeNet dataset, based on Equation 4.3 and cut-off point RT = 15minutes, we
can annotate the values of the Answer Quality column as ‘1’ or ‘0’, where ‘1’
represents the high-quality answer, and ‘0’ represents the low-quality answer.

Table 6.8: Example for a part of the annotated dataset.

Day Activity Answer Notification Time Answer Time
Reaction
Time

Answer
Quality

1970-01-18 {“Eating”} 1970-01-18 10:05:09 1970-01-18 10:10:09 5 1
1970-01-18 null 1970-01-18 12:06:01 null ∞ 0
1970-01-18 {“Sport”} 1970-01-18 14:03:08 1970-01-18 14:12:22 9.14 1
1970-01-19 null 1970-01-19 12:06:01 null ∞ 0
1970-01-19 {“Studying”} 1970-01-19 13:06:06 1970-01-19 13:43:16 37.1 0

Result: After labeling answer quality into the WeNet dataset, we can con-

93



duct the statistical analysis on the quality of answers in the original WeNet
dataset (which is the baseline of our evaluation in Section 6.5, as shown in Ta-
ble 6.9). The 34.26% of questions were answered by high quality. In addition,
on Monday and Saturday, participants give more high-quality answers (occu-
pying 38.56% and 39.17%), while on Friday, participants give less high-quality
answers (occupying 31.24%). It means we find that, at the beginning of week-
days/weekends, people always provide more high-quality answers.

Daily questions number: For each participant in the WeNet dataset, we calcu-
late the average number of high-quality answers that she/he provided per day.
These participants are grouped according to the average number. The results
show that the biggest group includes 20 participants. They provided an average
of 9.6 high-quality answers every day. The second biggest group includes 14
participants, who gave an average of 17.8 answers with high quality per day.
However, for the smallest group, 4 participants averagely answered 2.4 ques-
tions with high-quality answers. Therefore, the daily question number should
be the integer around the average number of high-quality answers of the biggest
group, i.e., 10.

Result: Upon analyzing the number of high-quality answers each participant
can contribute daily, we have elected to present ten questions per day. This
decision aims to minimize any potential disruption to the participants’ daily
routines and maximize high-quality answers.

Evaluation: We conducted evaluation machine learning experiments using the
most common classifiers: Random Forests, Decision Trees, Artificial Neural
Networks, Logistic Regression, and Gaussian Naive Bayes. We proposed that
by learning from participants’ real context information and answer quality in the
first two weeks, we could predict optimal times to ask questions in the follow-
ing two weeks to obtain high-quality answers. During the second two weeks,
we asked participants 10 questions daily (as determined in above) at the times
suggested by the machine learning models.
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Table 6.9 presents the percentage of high-quality answers from the machine
learning experiments. The baseline percentage is calculated from the high-
quality answers in the original WeNet dataset. We also show the percentages of
high-quality answers based on the machine learning results for the second two
weeks.

Table 6.9: Comparation of percentages of high-quality answers.

Weekday BaseLine
Predictions Via Our Methodology

Random
Forest

Decision
Tree

Gaussian
Naive Bayes

Artificial
Neural Networks

Logistic
Regression

Monday 38.56% 64.03% 63.78% 60.90% 63.30% 58.39%
Tuesday 36.80% 62.27% 62.57% 58.82% 61.91% 57.47%
Wednesday 36.74% 63.08% 60.08% 58.65% 61.18% 56.47%
Thursday 33.53% 60.17% 61.46% 57.35% 58.67% 56.02%
Friday 31.24% 60.82% 60.65% 57.51% 59.60% 56.86%
Saturday 39.17% 63.35% 63.40% 60.42% 61.56% 58.30%
Sunday 37.64% 61.21% 60.71% 56.30% 58.89% 57.45%
Overall 34.26% 62.28% 61.87% 58.56% 60.73% 57.28%

The baseline overall percentage is 34.26%. The overall percentage of high-
quality answers predicted by the Random Forest classifier is the highest at
62.28%. The other rows break down these percentages by each day of the week.
For each day, the percentages of high-quality answers predicted by the classi-
fiers are higher than the baseline percentage, indicating improvement across all
days. The highest percentage of high-quality answers is predicted by the Ran-
dom Forest classifier on Monday (64.03%), while the lowest is predicted by
the Logistic Regression classifier on Thursday (56.02%). All the algorithms we
tested show significant improvement over the original baseline, supporting our
methodology. This indicates that sending a suitable number of questions (fewer
than before) based on participant context information can enhance answer qual-
ity. We infer that fewer questions and more specific contexts make participants
feel less annoyed, leading them to provide higher-quality answers.
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6.6 Discussion

The results of this study highlight the substantial influence of situational con-
text, human differences, and the daily number of questions on the quality of
responses to machine-generated inquiries. First, our analysis demonstrated that
factors like time of day, location, activity, and social context are crucial in deter-
mining the likelihood of obtaining high-quality answers. For example, partic-
ipants were more inclined to offer prompt and accurate responses during early
morning hours, especially when they were at home or in a university setting,
and engaged in activities such as using social media or public transportation.

Secondly, this study underscores the critical role of individual differences
in predicting the quality of responses. Traits such as extraversion and neuroti-
cism, alongside human values like hedonism and self-direction, were identified
as key determinants of response behaviors. These findings indicate that inte-
grating these individual differences into predictive models can improve the ac-
curacy of forecasting high-quality responses. The predictive model developed
in this study achieved an accuracy rate of 78.1%, illustrating the potential of
combining situational context with individual differences to optimize the timing
of question prompts. This method not only improves the quality of responses
but also reduces the intrusiveness of notifications, thereby enhancing the user
experience.

Finally, by analyzing a real-world dataset, we have identified that reducing
the number of daily questions and considering contextual information can en-
hance the quality of data collected. Our methodology, which incorporates sta-
tistical analysis and machine learning techniques, offers a promising approach
to optimizing mobile surveys for human-centered AI systems. The findings sug-
gest that a thoughtful balance between the quantity of questions and the timing
of their delivery can lead to more accurate and reliable data. Future research
may explore the integration of additional contextual factors and the refinement
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of predictive models to further improve the efficacy of data collection in AI
applications. The key findings of this section can be drawn as:

• Number of Questions: The study finds that an excessive number of ques-
tions can lead to survey fatigue, where participants become weary or lose
interest, resulting in low-quality answers. By determining an optimal num-
ber of daily questions, the researchers were able to increase the percentage
of high-quality answers by up to 28%.

• Contextual Factors: Context plays a crucial role in the quality of an-
swers. The study considers various contextual factors such as time of day,
location, and activity. For instance, participants provided higher-quality
answers when they were not engaged in activities that required their full
attention, such as driving or attending meetings.

The findings of this study have significant implications for the fields of
Human-Computer Interaction (HCI) and AI. By optimizing the number of ques-
tions and considering contextual factors, systems can collect higher quality data
from users, which is essential for training accurate and reliable AI models. This
approach can be applied to various applications, including:

• Mobile Health: In mobile health applications, collecting high-quality data
from users is crucial for monitoring and managing health conditions. By
reducing the number of questions and considering contextual factors, mo-
bile health systems can improve user engagement and data quality.

• Personalized Recommendations: Personalized recommendation systems
rely on high-quality user data to provide accurate and relevant suggestions.
By optimizing the number of questions and considering context, these sys-
tems can enhance the user experience and increase the accuracy of recom-
mendations.
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• Context-Aware Computing: Context-aware systems can benefit from the
findings of this study by incorporating contextual factors into their data
collection processes. This can lead to more accurate and reliable context-
aware applications, such as smart home systems and location-based ser-
vices.
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Chapter 7

A Configurable High-quality Big-Thick
Data Collection Platform

7.1 Introduction

Understanding human behavior through context is pivotal for enhancing AI
feedback mechanisms. As highlighted in Chapter 2, smartphones serve as in-
valuable tools for gathering detailed context-aware data, combining sensor in-
puts with context self-reporting questionnaires [74, 103, 159]. However, the
quality of collected data often falls short of the needs for big-thick data, largely
due to the high volume of questions posed to users, which can lead to low-
quality answers [133]. Existing approaches relying on fixed or random sched-
ules may not align well with participants’ availability or willingness to respond
[214, 26], reducing the effectiveness of human-AI collaboration.

In response, our research objective in this Chapter is to develop a con-

figurable platform that enables the collection of high-quality big-thick data

from participants while ensuring minimal disturbance from the AI system. Our
method involves collecting big-thick data from both objective and subjective
perspectives and monitoring the data collection process. For configurable data
collection, we strive to offer participants flexibility. We extend the iCal (Inter-
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net Calendar)1 standard as a basis for a planning language as we discussed in
Section 5.3. This is not a programming language for researchers to design ques-
tions repeatedly but uses the recurrence rules feature in iCal, allowing people to
schedule recurring events in a calendar. Thus, we extend iCal as a planning lan-
guage to configure question scheduling in our big-thick data collection process.
This language models the collection of big-thick data based on different types
of questions and recurrence rules, providing flexibility for researchers to design
questions and sensor collections. It also offers participants enhanced flexibil-
ity in responding to questions. For monitoring, our system enables participants
to visualize their collected data via a dashboard, providing real-time feedback
on their data collection performance, lifestyle, and behavior. Additionally, we
integrate a machine learning component into the system, allowing the AI to
learn about each participant and reschedule context questions at times when the
participant is available to answer, thus enhancing human-AI collaboration.

The platform presented in this Chapter represents an enhancement and ex-
tension of i-Log [212], which we described in the Section 3.3. We assess our
platform through a case study within the WeNet - The Internet of us project

[75]. The case study is designed to illustrate how the planner component of our
platform can help researchers collect high-quality big-thick data from partici-
pants. The WeNet dataset has been used in numerous case studies, including
[13, 138, 163]. In this Chapter, we use the WeNet dataset as an example to
show that our platform can work, the detailed explanation of this project has
been shown in Section 3.4.

1https://icalendar.org/
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7.2 Overall platform

7.2.1 Logical architecture of the overall platform

Figure 7.1 depicts the overall platform architecture. The yellow rectangles rep-
resent the key components of the software systems: the ISAC (i-Log Service
for Autonomous Configuration), calendar, dashboard, and planner, which facil-
itate artificial and intelligent data processing. The blue cylinders symbolize two
databases. The first is the Short Term Memory (STM), where the experiment
plan, participant and planner modifications (committed plan), and aggregated
data from the plan execution are stored. The second is the Long Term Memory

(LTM), where data (sensors and question responses) gathered during the execu-
tion of the plan is stored. Large volumes of data collected from the participants
are transmitted from their devices to the LTM, which acts as permanent storage
for the collected data and the details of the executed plan. The data visualized
in the dashboard, a visualization component, is directly retrieved from the STM
database.

The humanoid figures represent two roles of the personas: Researchers and
Participants. The researcher is the individual seeking to collect context in-
formation from participants, while the participant provides their knowledge
through the calendar and the big-thick data collection app. The arrow lines
depict the interactions between the different components. The mobile phone
symbolizes our data collection application, which collects data in the form of
answers to questions sent and sensor data for constructing the user’s situational
context. The planner and calendar components are used in the planning and
modification of the experiment plan, whereas the dashboard enhances the qual-
ity and representation of the data, allowing both participants and the researcher
to track how participants are contributing during the experiment.

The data collection process starts with the researcher’s planning phase. The
researcher uses the ISAC component to design the initial plan for the timing
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Figure 7.1: Overall platform architecture.

of context questions and schedule sensor data collection. This plan is first sent
to the calendar, allowing participants to check when they should respond to
questions. The plan is subsequently stored in the STM database as scheduled
actions. When it is time to respond to questions, they are sent to the big-thick
data collection application where participants can provide answers. If partici-
pants are unable to provide answers at the scheduled time, they can modify the
time (change the plan) through the calendar component. Data collected during
the execution of the plan is archived in the LTM database. Specific answers
and sensor data are then sent to the STM database, aligning with the scheduled
actions established by the researcher. Then, the plan execution results are sent
to the planner component, which is a personalized question-answering system
to learn from the plans from a participant and give the committed plan, which is
a machine-generated plan that can help the researcher to get answers with high
quality.

Furthermore, the planner component plays a crucial role in this architecture.
It determines the optimal time to ask context questions based on the personal
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context and re-plan modifications received from a specific participant. In the
later section, we will explain all the key components in detail.

7.2.2 Description of components

In this section, we will explain the functioning of external systems, with run-
ning examples from the WeNet experiment for each component: the dashboard,
ISAC, and calendar. For the planner, which represents the key contribution to
our thesis, we will provide a detailed description in Section 7.3.

ISAC: The ISAC was designed to offer researchers services related to the con-
figuration of data collections. This system aims to streamline communication
between researchers conducting studies with i-Log and the i-Log experts re-
sponsible for deployment. As such, the system provides a set of guidelines
and a structured pathway for researchers to convey the necessary information
to the i-Log expert, ensuring that the i-Log configuration is accessible to them.
Simultaneously, the ISAC seeks to enable researchers to design multiple ques-
tions and sensor collections automatically. This is particularly valuable because,
in current ESM application-related work, researchers must design data collec-
tion methods one by one, leading to repetitive and time-consuming tasks. In
ISAC, we are exploring the use of Recurrence Rules (RRules), as specified in
the iCal standard, to simplify the design of repetitive tasks for researchers. The
RRules can also help to make the configuration generate the visualization result
in the calendar to let participants check when they should give feedback to the
questions.

As depicted in Figure 7.2, the researcher uses the ISAC front-end module,
an interface that enables the creation of a new plan for system deployment or
a new plan template for repeated use in the future for the same data collection.
The plan is then sent to the back-end for processing into the planning language
compatible with the calendar system. The plan template is also stored in the
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Figure 7.2: ISAC architecture.

ISAC database for future reuse.

Calendar: The calendar component is crucial for fostering interaction between
researchers and participants. At the start of an experiment, the researcher cre-
ates the initial plan via the ISAC component for collecting context data and
schedules sensor data collection. This plan is then sent to the calendar, allowing
participants to see when they need to respond to questions. As the experiment
progresses, participants’ availability may change due to their busy schedules.
To accommodate this, we enable participants to adjust their answer times and
sensor data submissions via the calendar. This flexibility helps researchers bet-
ter understand the participants, minimizes disruptions to their daily routines,
and improves data quality. To support this flexibility, we designed a planning
language by extending iCal, as we shown in Section 5.3, which is used in the
calendar component to offer configurable options to both researchers and par-
ticipants.

As illustrated in Figure 7.3, the calendar system comprises present and past
modules that interact with the ISAC system to obtain the initial plan. This plan
is displayed to the participant as the present plan, allowing them to modify the
time if it is unsuitable for providing answers. The modified plan is then sent to
the short term memory, where the planner uses it to learn the participant’s an-
swer behavior. The completed data collection process is shown as the past plan,
enabling participants to review their responses, although no further changes can
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Figure 7.3: Calendar architecture.

be made. The future plan, derived from the short term memory database and
informed by the planner, suggests optimal times for sending questions to the
participant to obtain high-quality answers. Participants can also adjust the com-
mitted plan based on their real-world schedules.

Dashboard: The dashboard provides an interface for both researchers and par-
ticipants to view and navigate the collected data. Users can filter the data using
various queries, such as by sensor or date, to gain valuable insights about the
data collected by the experiment. This not only helps participants become more
aware of their lifestyle and potential areas for improvement (as their behavior
is reflected in the data), but also allows them to track their progress in terms of
data collection compared to other participants or benchmarks set by researchers.
On the other hand, researchers gain a comprehensive understanding of the ex-
perimental data to ensure the data quality, including any issues that may have
arisen, to ensure the smooth execution of the experiment.

As shown in Figure 7.4, the dashboard component comprises the dashboard
database and a front-end module, known as the quality control module. This
module allows the researcher to verify if the collected data meets the predefined
quality standards set before the experiment. It also enables the identification of
participants who consistently provide low-quality data, facilitating the diagno-
sis and resolution of any underlying issues. Additionally, the participant dash-
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Figure 7.4: Dashboard architecture.

board has a distinct interaction interface compared to the researcher dashboard.
While the researcher dashboard can assess the data quality for all participants,
the participant dashboard is limited to viewing data specific to the individual
participant.

7.3 Planner

The planner component is essential for maintaining effective human-AI collab-
oration. Researchers create a general experiment plan using the ISAC compo-
nent, and participants can modify the plan according to their availability via the
calendar. As outlined in Chapter 4, the time it takes for a participant to react to
a question (reaction time) and the total time taken to answer the question (com-
pletion time) determine the quality of the answer. The planner component, sup-
ported by a machine learning module, predicts the most favorable moments to
send questions to specific participants, ensuring the least reaction and response
times and, consequently, high-quality information.

7.3.1 Logical architecture of the planner

As illustrated in Figure 7.5, the core component of the planner is a machine
learning module designed to learn the answer behavior of individual partici-
pants. We developed a novel machine learning algorithm named pbgc-Forest,
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Figure 7.5: Planner architecture.

detailed in Section 5.4. The input data used to train the pbgc-Forest includes
context information collected through our big-thick data collection application
when participants answer our context questions. Additionally, we gather partic-
ipant plan execution results, such as notification time, reaction time, and com-
pletion time for each question-answering process. The big-thick data collection
application also collects sensor data, including time and situational context, as
well as personal data such as demographic information, personality traits, and
human values. The way participants handle events via the calendar, including
how they change the time to answer questions, is also collected as input data to
train the Planner. After learning the participant’s answer behavior, the planner
can predict suitable times when the participant is more likely to provide high-
quality feedback. This new schedule is then shown on the calendar, allowing
the participant to modify it as needed.

To ensure the planner minimizes participant annoyance, it can be config-
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ured to send only 10 questions per day to each participant, as determined in
Section 6.5. Furthermore, the planner will restrict question delivery to specific
time frames—between 8:00 and 22:00—based on insights from Section 6.3.
Within these parameters, the planner component can identify the 10 time inter-
vals during which participants are most likely to provide prompt, high-quality
responses. This approach enhances data quality by aligning question delivery
with participants’ optimal response times, minimizing disruptions, and main-
taining participant engagement.

7.3.2 Evaluation

To analyze the data we collected from the WeNet experiment, which we intro-
duced in Section 3.4, we constructed models using different classifiers: pbgc-
Forest, Deep Forest, Random Forest, Logistic Regression, Gaussian Naive Bayes,
and Artificial Neural Networks(ANN). We evaluated the model using a 5-fold
cross-validation [111].

As part of our machine learning planner module, here we focus on a simple
prediction label that can easily show the power of the planner component. That
is, we send questions when the participant is engaged in activities other than
studying or attending a lesson. We binary-encoded participants’ activities, with
studying alone or with others and attending a classroom lecture encoded as
1, while all other activities were encoded as 0. This activity information was
retrieved from the time diaries questionnaire, specifically the question: “What
are you doing?” as we described the situational context in Section 5.2. To train
the machine learning classifiers, we used a variety of context factors collected
from questionnaires (based on the questionnaire categories shown in Section
5.3, the BNF from Fig 5.4) and sensors (based on the time context). The detailed
input features include: 1. Weekday, 2. Hour of the day, 3. Situational context,
and 4. Mood, which is the same as the fractures we described in Section 6.2.

The result is shown in Table 7.1. The data were from 170 students who
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Table 7.1: Prediction results of different machine learning classifiers.

Classifier Accuracy Kappa Precision Recall F1 score AUC
pbgc-Forest 0.7844 0.4236 0.5843 0.4002 0.4936 0.7762
Deep Forest 0.7629 0.4170 0.6102 0.4031 0.4843 0.7341

Random Forest 0.7292 0.3845 0.5900 0.3979 0.4752 0.7453
Decision Tree 0.6864 0.2458 0.5346 0.4053 0.4611 0.6695

Artificial Neural Networks 0.7003 0.2622 0.5702 0.3835 0.4546 0.7315
Logistic Regression 0.6648 0.3323 0.4545 0.6402 0.1122 0.6576

Gaussian Naive Bayes 0.6154 0.2161 0.4432 0.6323 0.5212 0.6548

answered all questions during the WeNet experiment, which was introduced in
the Scetion 3.4. The pbgc-Forest classifier gave the highest accuracy of 78.4%,
followed by the Deep Forest and Random Forest classifiers with accuracy of
76.3% and 72.9%, respectively. Due to the accuracy paradox [217], we also
reported precision, recall, F1 score, Area Under the Curve (AUC), and kappa
values. Generally speaking, the results show that the planner component can
predict participants’ academic time based on the different classifiers, and the
pbgc-Forest classifier performs best. The planner component has the power to
predict if the participant is present during the study activity and, in the future,
to predict the human input data quality.

7.4 Discussion

The configurable platform for the collection of high-quality big-thick data pre-
sented in this Chapter demonstrates significant advancements in the field of data
collection and human-machine collaboration. By integrating both big data and
thick data, the platform offers a comprehensive approach to understanding hu-
man behavior and context. The fusion of objective sensor data with subjective
human feedback provides a more nuanced and holistic view of user activities
and motivations.
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One of the key strengths of the platform is its flexibility and adaptability.
The use of ISAC and calendar components allows researchers to design and
schedule data collection events with ease. This flexibility is further enhanced
by the re-planner component, which enables participants to adjust their response
times, thereby minimizing disruptions to their daily routines and improving the
quality of the collected data. The dashboard component provides valuable real-
time feedback to both researchers and participants. Researchers can monitor
the progress of the experiment, identify any issues, and make necessary adjust-
ments to ensure data quality. Participants, on the other hand, can gain insights
into their own behavior and performance, which can motivate them to engage
more actively in the data collection process. The inclusion of a machine learn-
ing component in the planner is the key notable innovation. By predicting the
most suitable times to send context questions based on participants’ situational
context and personal characteristics, the scheduler ensures that high-quality data
is collected with minimal participant burden. The empirical evaluation of the
scheduler within the WeNet project demonstrated its effectiveness in accurately
predicting participants’ study times, thereby avoiding interruptions during aca-
demic activities.

Despite these strengths, there are some limitations to the platform that need
to be addressed in future work. The reliance on self-reported data for thick
data collection can introduce biases and inaccuracies. Additionally, the plat-
form’s effectiveness in diverse real-world scenarios needs to be further evalu-
ated. Future research should also explore the ethical and privacy implications of
collecting and using big-thick data, ensuring that participants’ rights and confi-
dentiality are protected.

In conclusion, the configurable platform for high-quality big-thick data col-
lection represents a significant step forward in the field of context-aware data
collection and human-AI collaboration. By combining the strengths of big data
and thick data, and leveraging advanced machine learning techniques, the plat-
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form offers a powerful tool for researchers to gain deeper insights into human
behavior and context.
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Chapter 8

Conclusion

8.1 Summary

In this thesis, the primary objective is to design a platform that can automati-
cally collect high-quality big-thick data. To achieve this, our work is divided
into three parts for different personas: 1) Identifying key factors and data col-
lection methodology for researchers: Firstly, we identify the key factors that
can be easily observed during the data collection process to ensure the qual-
ity of human input data, and we design a personal high-quality data collec-
tion methodology that can get the context information from the participants. 2)
Finding the suitable situational context and number of questions: Secondly, we
demonstrate the three case studies that illustrate how our work can be used in
real-world settings and provide valuable insights during the human input data
collection process, contributing to the design of human-in-the-loop AI. 3) Plat-
form Design: Finally, we design the platform using four key components to
interact with participants for their context information. We show that the plan-
ner component can automatically find the moment that lets the participants ask
questions with high-quality answers.

In Chapter 3, we demonstrate the two experiments conducted to collect stu-
dents’ big-thick data via smartphone sensors and questionnaires. For the smart-
phone application, we designed an app named i-Log, which allows us to collect

113



both objective sensor data and subjective human input data simultaneously. We
used the i-Log app to conduct multiple experiments, with a focus on two in this
thesis. The first experiment, named Smart Unitn 2, collected human input data
from over 150 students over a 4-week period at the University of Trento, and 30
sensors were used in this experiment. The second experiment, named WeNet,
also used data from the University of Trento, where we collected data from over
170 students over 4 weeks and 34 sensors were collected in this experiment.

In Chapter 4, where we solved the problem 1 defined in Section 1.2, we de-
termine the factor impacting human answer quality that can be easily observed
during the data collection process, we focused on the participant’s location as
the way to determine the human input data quality, particularly regarding par-
ticipants’ homes. By knowing each participant’s home GPS coordinates and
the coordinates of the smartphone used, we calculated the distance between
the smartphone and the home. If a participant claimed to be at home, but the
distance exceeded 50 meters, we considered the answer incorrect. Using the
total survey error paradigm from sociology, we hypothesized that reaction time
and completion time could be key factors impacting human answer quality and
are easily observable during the data collection process. Our key finding is the
strong, direct, and indirect influence of reaction time on answer quality. Fu-
ture work will focus on minimizing reaction time by identifying the optimal
moments for asking questions.

In Chapter 5, where we solved the problem 2 defined in Section 1.2, we iden-
tified the key factor influencing human answer data quality through their behav-
ior. To achieve this, we first designed a situational context model encompassing
individuals’ daily lives, which introduces participants by five dimensions: 1.
WHAT, the temporal context, known from the question: ”What are you doing?”
2. WHERE, the spatial context, known from the question: ”Where are you?”
3. WHO, the social context, known from the question: ”Who is with you?” 4.
WITHIN, the internal context, known from the question: ”What mood are you
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in?” 5. OBJECT, the object context, known from the question: ”Which object
are you with?”. After identifying the situational context information required
from participants, we focus on the temporal context, where we define a planning
language; this language can offer researchers the flexibility to design recurring
data collection processes and allow participants to choose convenient times for
providing feedback. Finally, based on the context information and the answer
behavior we learned from the participant, a novel machine learning algorithm
named pbgc-Forest is used to predict the optimal times to send questions to
participants, ensuring high-quality answers based on past context information.

In Chapter 6, where we solved the problem 3 defined in Section 1.2, we pro-
vided the three case studies to demonstrate our ability to identify the situational
contexts in which participants can provide high-quality answers. Drawing from
the findings in Chapter 5, we used reaction time as a measure of answer qual-
ity, selecting a 30-minute cut-off point to distinguish between high-quality and
low-quality answers. This decision was based on our analysis, which showed
that the mean correct answer time was 38 minutes (see Figure 4.2), and to en-
sure that participants respond before receiving the next question, we chose 30
minutes as the cut-off. Our results for the first case study indicate that situa-
tional context significantly impacts answer quality. Participants’ likelihood of
providing high-quality answers varies across different contexts. For example,
our dataset reveals that individuals typically provide high-quality answers when
they are in a negative mood, between 7 AM and 9 AM. This is particularly evi-
dent when they are in a university setting, library, or at home, while using social
media applications, during public transportation, or when spending time with
family or alone. Secondly, our analysis indicates that individual differences,
such as personality traits and human values, significantly influence answer be-
havior across participants. Specifically, these individual differences have a more
pronounced impact on predicting answer quality than situational context alone.
This case study highlights the importance of considering both situational con-
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text and individual differences to improve the quality of human input data and
enhance the overall effectiveness of our data collection process. In Section 6.5,
we provide the third case study, demonstrating how to reduce the number of
questions to improve answer quality. From the literature [14], we know that
when a participant’s main activity is disrupted by other factors, such as smart-
phone notifications, they need more time to complete the main task. Hence,
we aim to avoid sending questions when participants are focused on their main
tasks, while maximizing the number of questions sent to gather more data. Our
findings show that participants can answer up to 10 questions with high quality
per day. Additionally, reducing the number of questions sent from 48 to 10 per
day improves the percentage of high-quality answers by 28%.

In Chapter 7, where we solved the problem 4 defined in Section 1.2, we de-
sign a platform that can automatically collect high-quality big-thick data from
participants. To achieve this, we apply the knowledge learned from Chapter
5, which shows that lower reaction times lead to higher human answer quality.
Thus, our aim is to enable participants to respond quickly. Our novel plat-
form’s architecture comprises four main components. The ISAC component is
geared towards researchers, allowing them to design the initial plan for the data
collection process. Calendar Component: This component is primarily for par-
ticipants, enabling them to check when they need to provide answers to context
questions. It also allows them to reschedule their response times, thus minimiz-
ing disruptions to their daily lives. Dashboard Component: This visualization
tool enables both researchers and participants to monitor data quality during the
data collection process. Planner Component: This crucial component under-
stands human daily routines and answers behaviors. Also, the planner compo-
nent is the core of this thesis, which shows that our platform has the ability to
predict the suitable moment when the participant can answer the questions with
high-quality answers. By integrating these components, our platform aims to ef-
ficiently collect high-quality big-thick data while minimizing the participant’s
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feeling annoyed.

8.2 Discussion and limitation

This thesis primarily addresses the key problem of designing a novel platform
that can automatically collect high-quality big-thick data. The first contribution
lies in identifying the key factor that can be easily observed during the data
collection process: reaction time. This factor helps researchers gain an initial
understanding of answer quality. During our research, we used the distance
between the user’s smartphone and home when they answered questions and
claimed to be at home. If the distance exceeded 50 meters, the answer was
considered incorrect. However, we did not account for potential technological
issues, such as the accuracy of the provided GPS coordinates, which may not
cover the entire home, leading to mistakes. Additionally, we only used a sin-
gle dataset — Smart Unitn 2 — which may result in inaccuracies due to data
collinearity.

After establishing that reaction time is the key factor influencing human an-
swer quality, the second contribution is that we designed a platform to auto-
matically collect sensor and questionnaire data from participants. During this
process, we introduced a planning language that provides participants with the
flexibility to change the times they provide data via a calendar component.
However, we only used existing datasets rather than conducting new in-person
experiments to collect fresh data. The planning language, an extension of the
iCalendar standard, may also require a further extension for future use.

In the case study section, our third contribution is that we show the way how
to find a suitable situational context to avoid annoying the participant and show
a possible number of questions to send to a participant. We conducted two case
studies using existing datasets. In future work, we should conduct new exper-
iments to test the platform’s capabilities and the methodology’s effectiveness.
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Additionally, we used common machine learning algorithms for the predictive
experiments, rather than designing novel algorithms specifically for our analy-
sis process. Developing tailored algorithms may yield better performance and
enhance our ability to predict human daily routines and answer behavior.

8.3 Future work

Looking ahead, an important aspect that influences the reliability of the data
collected is the incentives for participation, as we discussed at the end of Chap-
ter 5. Mechanisms that simplify participants’ activities while enhancing their
involvement can be the first step toward improving the quality of the data we
collect. Secondly, to ensure data quality, we can incorporate attention checker
questions and straightlining detection methods during the data collection pro-
cess. These techniques can provide us with new ways to ensure the data quality
and then assess whether reaction time and completion time remain key factors
impacting human answer data quality.

From the platform perspective, we should conduct real-world experiments
to verify whether the planner can help identify the optimal moments when par-
ticipants are willing to provide high-quality answers and whether the planning
language can effectively bridge the ISAC and calendar components. Addition-
ally, considering the Planning Domain Definition Language (PDDL) as an up-
dated language can enhance the planning language’s flexibility, making research
more reusable and easily comparable across different AI areas. We should also
explore novel ways to improve the pbgc-Forest algorithm, making the planner
more adept at predicting human answer behavior quickly and accurately.

By implementing these improvements, we can analyze the collected data
through explainable and predictable methods to understand why participants
may not always provide data. Subsequently, we can refine our approach us-
ing active learning and reinforcement learning methods to achieve better per-
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formance, ultimately leading to a lifelong human-in-the-loop study. This will
enable machines to assist humans more effectively.
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