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Pervasive Chatbots: Exploring User Perception Toward Human-
assisted AI in Distributed Applications

Abstract

In an era where digital advancements rapidly evolve, effectively integrating devices

and data management systems is crucial for an enhanced user experience. This thesis

examines the intersection of technological innovation and user engagement, focusing

on computational offloading. A thorough survey revealed user behaviors, concerns, and

attitudes, leading to the development of an AI-powered chatbot tailored to user needs. A

subsequent user study examined the chatbot’s efficacy in real-time scenarios, like battery

conservation. Findings underscore the necessity of harmonizing technology design with

human usability to bridge the gap between complex technology and user understanding.

This approach fosters intuitive user experiences and serves as a model for embedding

user insights into technological advancements, ensuring that innovation remains pertinent

and resonates with the human experience.
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File Sharing, Sensor Data Management, User-Centric Design, Technology Accessibility,

Human Understanding, Usability

CERCS:
P170 Computer science, chatbot, computational offloading

3



Levinud vestlusrobotid: kasutajate arusaamise uurimine inimabiga
tehisintellektist hajutatud rakendustess

Digiajastul, mida iseloomustavad kiired tehnoloogilised edusammud, mängib seadmete

ja andmehaldussüsteemide integreerimine pöördelist rolli kasutajakogemuse paranda-

misel. Siiski jääb keeruka tehnoloogia ja kasutaja mõistmise vahel pakiline väljakutse.

See väitekiri uurib tehnoloogiliste uuenduste ja kasutaja kaasamise kriitilist ristmikku,

keskendudes arvutuslikule ülekoormusele, võrgujagamisele, failijagamisele ja andurite

andmehaldusele. Põhjaliku uuringu kaudu sukelduti kasutajate käitumisse, murede ja

hoiakutesse, tuvastades peamised teemad, mis peegeldavad tegelikke kasutajavajadusi ja

huve. Uuringust saadud ülevaated teisendati näidisküsimuste komplektiks, juhendades

tõhusalt AI-toega vestlusroboti arendamist, mis on mõeldud kasutajakesksete murede

käsitlemiseks. Uuring rõhutab tehnoloogilise disaini joondamise tähtsust inimmõistmise

ja kasutatavusega, süvendades kasutajavajaduste teadlikkust. Tulemus kujutab endast

olulist sammu intuitiivsemate ja kasutajasõbralikumate tehnoloogiate loomise suunas,

ületades lõhet tipptasemel tehnoloogiliste arengute ja igapäevase kasutajate suhtlemise

vahel. Kasutatud metoodika toimib juhendina kasutajate ülevaadete integreerimiseks

tehnoloogia arendamisse, tagades, et uuendus püsib asjakohane, ligipääsetav ja kooskõlas

laiema inimkogemusega.

Lühikokkuvõte

Võtmesõnad:
Tehnoloogiline Integreerimine, Kasutajakogemus, Arvutuslik Ülekoormus, Võrguja-

gamine, Failijagamine, Andurite Andmehaldus, Kasutajakeskne Disain, Tehnoloogia

Ligipääsetavus, Inimmõistmine, Kasutatavus

CERCS:
P170 Arvutiteadus, vestlusrobot, arvutuslik ümberjaotamine
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1 Introduction

In the rapidly advancing world of technology, the seamless integration of devices, net-

works, and data transforms how we interact with our digital environment. With the

increase of smartphones, tablets, and Internet of Things (IoT) devices, the connectiv-

ity landscape is ever-changing and increasingly complex. Computational offloading,

in which calculations and processing tasks are transferred from one device to a more

powerful server, is becoming a prevalent approach to managing device resources more

efficiently. Similarly, file sharing has transitioned from simple peer-to-peer exchanges to

sophisticated cloud-based services, enabling users to access files across multiple devices

and platforms. Moreover, where data from various embedded sensors are shared and

processed across networks, sensor data distribution is an emerging field with many appli-

cations ranging from healthcare to urban planning. Network connection management is

also evolving, with new protocols and technologies that allow devices to communicate

and share resources more fluidly and adaptively.

Together, these processes and technologies are forging a multifaceted digital ecosystem

designed to optimize user experience. However, as these technological advances, the

gap between technology and its end users becomes more pronounced. Understanding

how users engage with, perceive, and value these technologies is becoming a critical

concern. There is a growing need to explore, understand, and address the users’ problems,

preferences, and behaviors interacting with these technological aspects, for they form the

foundation of any successful human-centered technology design.

While computational offloading, network and file sharing, and sensor data management

technologies are evolving exponentially, understanding how users interact with these

technologies may not be keeping pace. The concern lies in the lack of knowledge on

the part of the users and the absence of user-friendly interfaces that can bridge the gap

between complex technologies and their practical utilization. Computational offloading,

although a powerful concept, often requires technical knowledge beyond the average

user’s expertise. Network sharing can become a daunting task for many with its myriad

of settings and security considerations. Sensor data management raises both privacy and

complexity issues that need to be addressed transparently and intuitively.
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Moreover, file sharing, while generally more accessible, still presents challenges in

interoperability and security that require careful consideration. These technological

barriers create a divide between what is technologically possible and what is practically

accessible to the average user. A user-centered approach is needed to ensure that the

technology is not only advanced but also accessible, understandable, and beneficial to

the general people. Researchers and practitioners must engage in a continuous dialogue

with users to understand their needs, preferences, and concerns and incorporate this

understanding into the design and development of technology. By aligning technological

innovation with human understanding, there is an opportunity to create systems that

are not only powerful but also intuitive, fostering a more engaged and empowered user

community.

The primary aim of this thesis is to delve into users’ concerns and interests in these

technology domains by employing a user-focused approach. The specific objectives are

as follows:

• Investigate User Understanding: Analyze user understanding and awareness regard-

ing computational offloading, network and file sharing, and sensor data distribution.

• Identify User Needs and Concerns: Extract key themes representing user concerns,

preferences, and behavioral patterns.

• Develop a User-Centric Solution: Utilize the insights to guide the development of

an AI-powered chatbot that can communicate effectively and empathetically with

users.

A robust methodology was employed to achieve the objectives set out in this research.

The first step was designing and implementing a comprehensive survey, with ques-

tions carefully crafted to gather insights into user behaviors, attitudes, and concerns

surrounding computational offloading, file sharing, sensor data management, and net-

work connection. The survey used a mixture of closed-ended and open-ended questions,

allowing respondents to express quantitative and qualitative views on the subject. The

respondents, representing a diverse cross-section of users with varying technical exper-

tise, were recruited through convenience and purposive sampling. Following the data
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collection, the survey data were systematically analyzed to identify critical patterns and

relationships within the data. The derived vital themes were then used to create mock

questions that reflect real user concerns and queries, mirroring the real-world scenarios

and challenges that users face in their daily interaction with technology. These mock

questions guided the development of a chatbot with a natural language processing (NLP)

algorithm tailored to address and engage with these user-centric concerns. Multiple

iterations of testing and refinement were conducted to ensure that the chatbot’s responses

were accurate and resonated with the user’s tone and language preferences.

The significance of this research lies in its potential to bridge the gap between cutting-edge

technological developments and user understanding. By fostering a deeper awareness

of user needs and expectations, the study aims to contribute to designing more intuitive

and user-friendly technologies. Through the analysis of survey data and the creation

of realistic mock questions, the research provides actionable insights that can inform

the development of user interfaces, instructional materials, and support systems. By

emphasizing the importance of user engagement, feedback, and satisfaction, the research

aligns with the broader movement toward human-centered design and creating technology

that not only functions but also enriches and facilitates the human experience.

The thesis is structured into several key sections, including:

• Literature Review: A review of existing literature on computational offloading,

network, and file sharing, and sensor data distribution.

• Motivation: Highlighting why the topic is important and worthy of investigation.

• Implementation: Detailed exploration of the chatbot development process, in-

formed by the survey analysis.

• Result and Discussion: Presentation and analysis of the survey findings, including

insights into user behaviors and concerns.

• Conclusion: A summary of key findings and their implications, along with recom-

mendations for future research.

This thesis is poised at the intersection of technology and human interaction, seeking
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to explore and address the critical concerns of users as they navigate a complex tech-

nological landscape. By adopting a user-centered approach, the research aims to make

technological advances more accessible and beneficial to a broader audience. Through

the survey analysis, derived insights, and practical application in developing a user-

responsive chatbot, this study represents an ambitious attempt to bridge technology,

empathy, innovation, and understanding.

This Chapter introduces the concept of pervasive chatbots, exploring their role and

potential in enhancing user experience through ubiquitous computing. It outlines the

technological advancements that have paved the way for chatbots to become an integral

part of our digital interactions, highlighting their capabilities and the challenges they

present. The chapter contextualizes the significance of this research within the broader

scope of artificial intelligence and human-computer interaction. Following this founda-

tion, the next Chapter transitions into a detailed literature review, which scrutinizes the

existing body of work, providing critical insights into how pervasive chatbots have been

developed and studied in the past, setting the groundwork for the survey and application

development that will be described later in the thesis.
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2 Literature Review

This chapter’s literature review seeks to deliver a profound understanding of user com-

munication, the interpretation of sensor data, and the crucial role that chatbots play in

providing information to end-users. The discourse will delve into the present landscape

of sensor communication across various applications and consider both the challenges

and the prospects tied to the use of chatbots for communicating sensor data.

Chatbots, once just futuristic ideas, have now infiltrated the core of our digital lives.

Their utility spans various areas, including customer service and personal assistance.

The accelerated adoption of chatbots can be attributed in large part to the remarkable

strides made in Artificial Intelligence (AI) and Machine Learning (ML) [63]. These

advancements have significantly boosted chatbots’ capabilities within the Natural Lan-

guage Processing (NLP) field. As a result, chatbots can now generate responses that are

not only more meaningful but are also tailored to individual users [30].

This deep integration of chatbots across various digital platforms has initiated a pivotal

shift. This transformation enhances user engagement by elevating efficiency levels,

providing instant access to information, and automating repetitive tasks [51]. This

ongoing evolution of chatbot functionality presents an exciting new phase in our digital

interactions.

Pervasive computing is increasingly intersecting with chatbot technology. The main

goal of this computing area is to integrate computational services into everyday items

and activities until the lines between the digital and physical worlds start to fade [65].

Chatbots are an essential intermediary between users and the pervasive computing

landscape in this setting. By promoting interactions more intuitively and organically,

chatbots contribute to integrating pervasive computing technologies more user-oriented

[37].

This study revolves around the creation and subsequent evaluation of an integrated chatbot

application for Android operating systems. The application is designed to assist with a

wide array of complex technical tasks, increasingly prevalent in the expanding landscape

of the Internet of Things (IoT) and mobile computing [44]. Such tasks encompass
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computational offloading, sensor data distribution, network sharing, file transfers, and

missing sensor detection. Given the mounting significance of these tasks, their technical

intricacy can pose substantial challenges, especially for users who may lack extensive

technical knowledge [58]. By embedding these features within a chatbot application,

we aim to make these tasks more accessible, thereby democratizing them for a more

extensive user base.

To develop a user-centric chatbot application, a comprehensive survey has been employed.

This survey is tailored to determine the level of understanding of the potential users

regarding these technical tasks and concepts, evaluate their past experiences and inter-

actions with similar applications, and gather insights into their potential requirements

and usage scenarios [35]. The insights derived from this survey not only aid in shaping

the chatbot’s user interface and its conversational abilities but they also help in creating

more realistic mock queries and responses for testing and evaluation.

While chatbots have been thoroughly explored across many circumstances, a conspicuous

gap exists in the research literature concerning their application in pervasive computing

tasks [18]. Despite chatbots’ demonstrated potential to simplify user engagement within

this field, there is an ongoing need for further research. This study seeks to bridge this

gap in the literature by examining how chatbots can assist with tasks intrinsic to pervasive

computing.

Moreover, the study also aspires to evaluate the impact of the chatbot application on user

satisfaction and task efficiency. Understanding these aspects will provide more insights

into the potential benefits and challenges of integrating chatbots into the pervasive

computing ecosystem [80].

In pursuit of practical insights into the application of chatbots, this research follows

a dual-method approach: it includes the development of an Android application and

the execution of two user surveys. These surveys are designed to gather data on user

interactions, potential usage scenarios, and user requirements, providing invaluable

insights to guide the application development process and facilitate the creation of

realistic testing conditions [32].
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2.1 Chatbots for Conveying Information

As conversational agents, chatbots have gained significant attention in recent years due

to their ability to engage users more naturally and intuitively compared to traditional

graphical user interfaces [1]. They have been successfully deployed in various domains

such as customer support, e-commerce, and healthcare [89]. Research in chatbots has

explored multiple aspects, including natural language understanding, dialog management,

and response generation [27].

Dialog management is another critical component of chatbots, responsible for determin-

ing the appropriate response based on user input and the current state of the conversation

[77]. Several dialog management techniques have been proposed, including finite state

machines, frame-based systems, and probabilistic models [87]. Researchers have also

explored reinforcement learning approaches to optimize dialog management strategies,

enabling chatbots to learn from user interactions and adapt their behavior accordingly

[73].

Response generation is the process of generating a contextually relevant and coherent

response based on the user input and dialog state [60]. Various techniques have been de-

veloped for response generation, ranging from template-based approaches to data-driven

methods such as sequence-to-sequence models [74]. Recent advances in large-scale

pre-trained language models, such as GPT-3, have demonstrated remarkable performance

in generating human-like responses in chatbots [12].

Context-aware notifications can enhance the user experience by providing timely and

relevant information based on the user’s context, such as location, time, and personal

preferences [6]. Some sensor apps utilize context-aware notifications to deliver per-

sonalized sensor data insights and recommendations. For example, weather apps may

provide personalized weather forecasts based on the user’s location and preferred ac-

tivities. In contrast, fitness apps may offer tailored exercise suggestions based on the

user’s health data [19, 56]. While context-aware notifications can be helpful in sensor

data communication, chatbots may offer a more interactive and engaging alternative.

The integration of chatbots for sensor data communication presents both challenges and
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opportunities. This section will discuss the main challenges and potential benefits of

using chatbots for sensor data communication.

One of the primary challenges in using chatbots for sensor data communication is the

need for accurate and robust natural language understanding. Users may express their

queries and commands in various ways, and chatbots must be able to interpret these

inputs to provide relevant sensor data accurately [14]. Moreover, chatbots must be

capable of handling ambiguous or incomplete user inputs, which requires advanced NLU

techniques and context-aware dialog management strategies [77].

Another challenge is the representation of sensor data in a conversational format. While

graphical visualizations can be compelling in presenting sensor data, chatbots must

convey this information using natural language, which may be less intuitive for specific

data types or require additional explanation [27]. Additionally, chatbots must be able

to handle user requests for clarification or additional information, which may require

integrating external knowledge sources or generating explanations on the fly.

Lastly, maintaining user engagement is crucial for the success of chatbot-based sensor

data communication. Users may lose interest in interacting with chatbots if the conversa-

tion is too slow, repetitive, or does not provide valuable insights. This requires developing

engaging dialog strategies and incorporating personalization and context-awareness in

chatbot responses [1].

Despite these challenges, chatbots offer several benefits for sensor data communication.

First, chatbots provide a more natural and intuitive interaction than traditional graphical

user interfaces. Users can interact with chatbots using natural language, which may lower

the entry barrier for users unfamiliar with sensor data or the specific application [27].

Second, chatbots can provide personalized and context-aware sensor data insights, en-

hancing the user experience and promoting a better understanding of the data. Chatbots

can offer tailored recommendations and explanations by incorporating contextual infor-

mation and user preferences, making the sensor data more relevant and actionable for

users [89].

Finally, chatbots can improve user engagement and long-term adherence to sensor data
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applications by offering interactive and dynamic communication. Through personalized

dialog strategies and incorporating external knowledge sources, chatbots can provide

users with a more engaging and informative experience when interacting with sensor

data [1].

In addition to the studies focusing on chatbots and sensor data interpretation, it is crucial

to examine how users interact with mobile applications and their preferences for data

presentation. Research has shown that the usability of mobile applications significantly

impacts user satisfaction and engagement [88, 69]. In this regard, understanding users’

preferences for data visualization and interaction modalities, such as graphs, charts,

or conversational interfaces, can significantly enhance the effectiveness of mobile ap-

plications that present sensor data [20, 78]. Moreover, studies on user experience and

interaction design for mobile applications have highlighted the importance of consider-

ing factors such as cognitive load, accessibility, and the user’s context when designing

interfaces [84, 67, 24].

Another relevant area of research is the exploration of the factors that influence user

acceptance and adoption of chatbot technologies. The Technology Acceptance Model

(TAM) and the Unified Theory of Acceptance and Use of Technology (UTAUT) [79]

are widely used frameworks for understanding user acceptance of technology, including

chatbots. Factors such as perceived usefulness, ease of use, social influence, and facil-

itating conditions have been identified as crucial determinants of technology adoption

[79]. In the context of chatbots, research has shown that users’ expectations, trust, and

perceived anthropomorphism of the chatbot can also influence their acceptance and usage

[16, 46, 11].

Incorporating chatbots for sensor data communication offers several advantages, such as

providing a more natural and intuitive interaction, delivering personalized and context-

aware insights, and potentially improving user engagement. However, there are chal-

lenges to overcome, including the need for accurate natural language understanding, the

representation of sensor data in a conversational format, and maintaining user engage-

ment.
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2.2 Pervasive Computing and Offloading

The concept of pervasive computing represents integrating computational capabilities

into everyday objects and activities, promoting a seamless interaction between the digital

and physical realms [82, 66]. This user-centric environment enables users to engage

with computing services subtly, often without conscious awareness. The rapid growth

of pervasive computing is spurred by advancements such as hardware miniaturization,

wireless communication enhancements, and the proliferation of Internet of Things (IoT)

devices [5, 38].

A pivotal aspect of pervasive computing is effectively managing computational resources,

particularly for mobile or IoT devices with limited computational capabilities. A tech-

nique called computational offloading addresses this issue, transferring computational

tasks from resource-constrained devices to more powerful servers or cloud-based systems,

thus improving performance, battery life, and user experience [17, 71].

Implementing computational offloading in a pervasive computing setting involves unique

challenges. The decision to offload – determining when and which tasks to offload

– significantly impacts system performance and energy consumption. This decision

requires striking a balance between the computational demands, energy required for

offloading, and available network resources [39]. Moreover, other variables such as

network conditions’ variability and the diversity of devices and servers increase the

complexity of the offloading process [7].

Various strategies and algorithms have been developed in response to these challenges,

aiming to optimize the offloading process. These range from static methods, which

predefine offloading decisions, to dynamic methods that make real-time decisions based

on the current system state [26, 48]. With advancements in AI and machine learning,

predictive models are being employed to enhance the accuracy of offloading decisions

by learning from past data and adapting to changing conditions [64].

Despite these developments, computational offloading’s practical implementation in

pervasive computing remains an active area of research. One unexplored aspect is

chatbots’ potential role in aiding the offloading process [70]. Given the user-centric

19



approach of pervasive computing and the increasing use of chatbots as interactive agents,

it’s plausible that chatbots could provide an intuitive interface for managing offloading

tasks [45].

This research, therefore, seeks to explore chatbots’ role in facilitating computational

offloading within a pervasive computing context. By integrating offloading capabilities

into a chatbot application and assessing its effectiveness through user surveys, the study

hopes to provide insights into how chatbots can contribute to efficient resource manage-

ment in pervasive computing. This research adds to the existing body of knowledge and

proposes a practical solution for enhancing user interaction with offloading tasks [11].

2.3 Network and File Sharing

The advancement of technology has ushered in a new era of digital information exchange

marked by an unprecedented level of connectivity [13]. Network and file sharing are Cen-

tral to this paradigm, with applications ranging from personal use to business operations

and scientific research.

Network sharing refers to distributing resources or services among multiple connected

devices. These resources can range from internet connections to hardware devices and

software services [83]. While network sharing aims to maximize resource utilization,

increase redundancy, and enhance collaboration efficiency, it also presents challenges

like security issues, network congestion, and resource allocation and management [57].

File sharing, conversely, involves distributing or providing access to digital media.

The sharing methods can vary, encompassing manual sharing via removable media,

centralized server-based file sharing, peer-to-peer (P2P) networking, or cloud-based

file-sharing services [85, 49]. Each method has benefits and potential problems, like

scalability and accessibility in cloud-based services, countered by data security and

privacy concerns [33].

In the pervasive computing context, the importance of network and file sharing is even

more pronounced. The need for efficient sharing mechanisms is magnified as computing

capabilities become embedded in many devices and objects, making seamless interaction
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contingent on practical resource and information sharing [66].

The research employs a dual methodology of developing a chatbot application and

conducting user surveys, providing valuable insights into the practical implications of

integrating chatbots into the network and file-sharing processes in pervasive computing

[11]. Given their natural language processing and interactive communication capabilities,

chatbots could facilitate network and file-sharing tasks [70]. By guiding users through

setup and troubleshooting processes, managing permissions or access controls, and

providing real-time status updates, chatbots can enhance these tasks’ user-friendliness,

particularly for those without deep technical expertise [45].

2.4 Sensor Data Distribution and Finding Missing Sensors

In recent years, the growth of sensor technology has revolutionized the data landscape,

contributing significantly to the era of Big Data [47]. Sensor technologies can capture

various data types, from environmental parameters to complex biometric data, creating a

landscape rich with data diversity [15].

Sensor data distribution, the process of collecting, transmitting, and making sensor data

available to end-users or systems, is a critical component of sensor networks [86]. With

applications ranging from environmental monitoring to healthcare and Industry 4.0,

sensor data distribution faces challenges related to data reliability, volume management,

transmission efficiency, and security and privacy [3, 43].

Another challenge in sensor networks is handling missing sensors or data. Sensor failure

can result from hardware malfunctions, network connectivity issues, or power depletion

[59]. In such cases, identifying the missing sensors promptly and addressing the data

collection gaps is crucial [40]. Multiple strategies have been proposed to mitigate

this issue, from preventive measures like robust sensor design and redundant sensor

deployment to corrective actions like data imputation methods [42].

In the context of pervasive computing, issues of sensor data distribution and missing

sensors become even more pertinent. Pervasive computing relies heavily on sensor data

for seamless interaction between users and their environment [65]. Consequently, the
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efficient distribution of sensor data and the management of missing sensors become

crucial for the functioning of such systems.

The potential role of chatbots in managing these tasks is an emerging research area.

Owing to their interactive nature and natural language processing capabilities, chatbots

could assist users in managing sensor data distribution tasks and finding missing sensors

[70]. They could guide users through data access and interpretation, provide updates on

data distribution status, and alert users about potential issues, including missing sensors

[45]. This user-friendly interaction could be particularly beneficial for users without

advanced technical knowledge.

2.5 Innovative Conversational Approaches in the AI Era

Artificial Intelligence (AI) has ushered in a new era of technology, precipitating a

paradigm shift in human-machine interactions [62]. AI’s capacity for learning, adapting,

and decision-making has catalyzed transformations across sectors, with conversational

interfaces, or chatbots, standing out as a particularly influential application [70].

Neural conversational models, underpinned by deep learning techniques, have signifi-

cantly enhanced the quality of dialogue generation in chatbots [74]. These models foster

more context-aware and human-like responses, augmenting the scope of interactions.

Additionally, reinforcement learning’s integration into chatbot design has cultivated more

adaptive and interactive systems that learn from user feedback [41].

Chatbots’ integration across various domains, from customer service to healthcare, under-

scores the potential of AI-powered conversational agents in enhancing user experience

[11]. Moreover, the marriage of AI and Natural Language Processing (NLP) has driven

the development of virtual assistants like Siri, Alexa, and Google Assistant [31].

Despite these advancements, challenges persist in context management, user intent

understanding, and handling complex queries [68]. As AI technology continues to

evolve, research continues to explore new ways to enhance conversational agents.

In pervasive computing, chatbots open new avenues for user interaction, offering a

conversational interface for intuitive and natural interaction with the pervasive computing
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environment [65]. Furthermore, AI empowers chatbots to learn, adapt, and anticipate

user needs, improving the user experience over time [45].

However, challenges like data privacy, algorithmic bias, and the uncanny valley effect

also surface with the use of AI-powered chatbots [10]. Addressing these concerns is a

critical facet of further advancing this technology.

The current research focuses on an AI-powered chatbot’s development and evaluation

within a pervasive computing context, integrating functionalities like network sharing,

file sharing, and sensor data distribution. The aim is to investigate how conversational

AI can enhance user interactions and efficiency in these tasks. This research will add to

the growing knowledge of AI chatbots in pervasive computing, delineating the inherent

opportunities and challenges.

2.6 Summary

In the rapidly advancing technological landscape, pervasive computing and Artificial

Intelligence (AI) have given rise to numerous opportunities for reimagining human-

machine interactions [65]. This research delves into the integration of these two domains,

particularly exploring the role of AI-powered chatbots in managing several aspects of

pervasive computing - namely, computational offloading, network sharing, file sharing,

sensor data distribution, and finding missing sensors [34].

With its essence of interweaving computational processes into everyday activities, per-

vasive computing fundamentally relies on efficient data handling, resource utilization,

and user-friendly interfaces. They can accomplish their ubiquity and context awareness

objective by ensuring seamless data distribution and resource sharing, as well as prompt

detection and resolution of issues such as missing sensors and pervasive systems.

With AI, chatbots’ conversational capabilities can potentially revolutionize user interfaces,

making them more intuitive and accessible [70]. By marrying the technical prowess

of pervasive computing with the user-centric design of chatbots, this research aims to

further the development of more efficient, interactive, and user-friendly systems.

As this research aims to navigate through these uncharted territories of chatbot applica-
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tions in pervasive computing, several research questions arise:

1. RQ1: How effectively can chatbots assist users in managing technical solutions for

smart devices, particularly in real-time scenarios like battery conservation during a

concert?

2. RQ2: What is the impact of prior technical knowledge on the user’s interaction

with and perception of the chatbot’s suggestions?

3. RQ3: How does the user experience with the chatbot influence their likelihood to

engage with chatbots to manage smart devices’ technical solutions in the future?

4. RQ4: How efficiently can users execute the chatbot’s suggestions in a real-time

scenario, and does this efficiency correlate with the user’s overall experience?

The outlined research questions guide the dual methodology of this investigation, which

involves the creation of a chatbot application and the execution of two user surveys. The

objective is to glean insights from user interactions with the chatbot, as well as their

needs, perceptions, and experiences, to illuminate both the potential advantages and

challenges of implementing chatbots within pervasive computing.

The outcomes of this research are expected to enrich the broader understanding of

chatbots and pervasive computing, delivering insights into innovative conversational

methodologies, their applications, and their implications. By delineating the practical

effects of integrating chatbots into pervasive computing tasks, this study aspires to lay a

foundation for future explorations into this promising dimension of technology.

This Chapter provides an exhaustive literature review on pervasive chatbots, examining

previous studies, existing solutions, and the evolution of chatbot technology within perva-

sive computing. It identifies gaps in the current knowledge that the thesis aims to address.

In the next Chapter, we discuss the motivations behind this study, including specific user

needs and industry demands that drive the development of pervasive chatbots.
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3 Motivation

The technological landscape is constantly evolving and adapting to societal needs and

demands. At the forefront of this innovation is artificial intelligence (AI), which is

progressively becoming a mainstay of everyday life. Pervasive AI, particularly chatbots,

has become an integral part of numerous industries, with capabilities extending from

customer service to personalized learning and healthcare [11]. This research aims to

explore the domain of pervasive chatbots and understand their potential to provide user-

specific instructions for tasks such as computational offloading, sensor data distribution,

network sharing, file sharing or transfer, and finding missing sensors.

3.1 Necessity and Importance of Pervasive Chatbots

Pervasive chatbots are a manifestation of the integration of AI into daily life. Emerging

as a distinct domain within AI, chatbots represent an intersection of natural language

processing, machine learning, and human-computer interaction [51]. The constant

availability and sophisticated capabilities of pervasive chatbots make them valuable

tools, helping users to navigate complex tasks and access information efficiently. In this

digital transformation era, pervasive chatbots serve as digital assistants, enhancing user

experiences across various platforms.

An essential facet of pervasive chatbots is their ability to transcend traditional modes

of interaction, facilitating human-like conversations with users. With natural language

processing and understanding capabilities, these AI entities can understand user queries

in different contexts, providing personalized and contextually relevant responses. This

elevates the user experience, adding a customized touch to interactions [70].

In the realm of technical tasks such as computational offloading, sensor data distribution,

network sharing, file sharing or transfer, and finding missing sensors, the role of pervasive

chatbots is particularly crucial. Typically, these tasks require a certain level of technical

expertise, which the average user might not possess. The introduction of a chatbot that

can effectively guide users through these tasks has the potential to democratize access to

these technologies and make their benefits more widely available.
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Yet, despite the evident potential, there remains a gap in the application of chatbots

in these technical domains. Most current chatbots are primarily utilized in customer

service, e-commerce, or basic information retrieval tasks. Less focus has been on creating

chatbots that can guide users through more technical processes. This research aims to

address this gap and extend the benefits of chatbot technology to a broader range of

applications by developing a chatbot application that can effectively provide instructions

in these technical areas.

3.2 User Familiarity and Experience

When developing a pervasive chatbot, an important aspect is the user’s familiarity and

experience with the subject matter. In this research, the chatbot will deal with a complex

technical task - computational offloading. Understanding user familiarity with this

concept is critical to designing an effective chatbot. It helps to establish the baseline

from where the chatbot must start its interactions, ensuring that it is neither too simplistic

nor too complicated for the user [11].

In the context of this research, the first survey gathers essential insights into the potential

user base’s level of familiarity with these critical technical concepts. The insights drawn

from this survey are expected to inform the overall design and functionality of the chatbot,

as well as the types of interactions it is likely to have with users. A chatbot that is more

aligned with the user’s level of understanding is likely to be more effective and better

received [11].

Moreover, understanding the demographic distribution of the potential user base can also

inform the development of the chatbot. Different demographic groups may have varying

levels of technical literacy and familiarity with the given concepts, which can influence

how they interact with the chatbot. Therefore, knowing the demographic makeup of the

user base allows for creating a more targeted and inclusive chatbot capable of serving a

more comprehensive range of users effectively.

Furthermore, past user experiences with similar applications and technologies can provide

valuable insight into potential challenges and areas for improvement. User experiences

can offer a critical understanding of the strengths and weaknesses of existing solutions,
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guiding the development process to produce a more user-centric and intuitive chatbot.

Ultimately, the more aligned a chatbot is with user needs and experiences, the more

effective it will likely be [45].

3.3 Survey-Driven Design

Designing a pervasive chatbot is a process that needs careful planning and understanding

of the user base. This research starts with the first survey, which aims to understand

the potential user base’s familiarity with key technical concepts like computational

offloading, sensor data distribution, network sharing, file sharing or transfer, and methods

for finding missing sensors. The survey also looks into the demographic distribution and

potential users’ technical literacy level. These insights are crucial as they guide the initial

design and functionality of the chatbot, providing the foundation for the user interface,

user experience, and the chatbot’s conversation design.

The Android app, which houses the chatbot, is then designed with these insights. The

goal is to create an application matching the users’ technical literacy level, ensuring

that the complexity of the chatbot’s conversation and overall design align with the

users’ understanding and capabilities. This helps create a more user-centric app with an

engaging and practical user experience.

The user study is initiated after the development of the chatbot and its corresponding

Android app, designed based on insights from the initial survey. The user study introduces

participants to a scenario where they interact with the chatbot to seek solutions for

conserving battery life. Post-interaction, participants provide feedback through questions

to gauge their experiences and the practicability of the chatbot’s suggestions. This

feedback will help evaluate the effectiveness and relevance of the chatbot in assisting

with technical solutions for smart devices.

Combining the insights gathered from user studies, we can better understand how well

the chatbot meets user expectations and needs. This survey-driven design approach,

therefore, is essential in creating a chatbot that is both relevant and effective in its goal of

aiding users in performing complex technical tasks.
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3.4 Expected Outcomes

This research aims to develop a pervasive chatbot that effectively aids users in performing

technical tasks. One expected outcome of this research is an Android app that delivers

clear, intuitive, and contextually relevant instructions to the user, helping them to navigate

these complex tasks successfully. This app, designed with users’ needs and expectations

at the forefront, would demonstrate how pervasive chatbots can democratize access to

complex technical tasks, making them more accessible for the average user.

Furthermore, the research seeks to contribute to the ongoing discourse on the role of

chatbots in supporting users in their interaction with technology. By examining user

experiences in two contexts: 1. reference, where chatbots provide steps for manual

action, and 2. pervasive, where chatbots offer a button for automatic action execution,

the research could provide empirical evidence on the benefits and limitations of chatbot

technology. This can guide future developments, shaping how chatbots are designed and

implemented in different contexts, ensuring they genuinely enhance user experiences

and effectively meet user needs.

The future of pervasive chatbots is promising and could catalyze significant change

in how users interact with technology. As AI continues to evolve, chatbots will likely

become even more sophisticated and responsive, able to perform tasks and provide

assistance in ways we have yet to imagine. This research is just one step in that direction,

exploring the potential of chatbots in the context of technical tasks, but the implications

are far-reaching.

By examining the effectiveness of chatbots and the user experience in a comprehensive

and evidence-based manner, this research contributes to the broader understanding of AI

technologies’ capabilities and potential applications.

3.5 Summary

This Chapter discusses the underlying motivations driving the exploration of pervasive

chatbots, emphasizing the user-centric approach central to the study. Drawing from

insights identified in the literature review, it underscores the necessity for enhanced user
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interaction through intelligent chatbot systems in various domains, such as healthcare,

customer service, and personal assistance. The motivation is reinforced by highlighting

specific user experiences and expectations that current technology has yet to satisfy fully.

By addressing these user-centered design challenges, the thesis aims to improve the

field significantly. The chapter further articulates the research’s anticipated societal and

technological impacts, setting clear objectives for what the study seeks to achieve. In the

subsequent chapter, the focus shifts to the tangible steps taken to bring these motivations

to fruition through the implementation of the user survey and the creation of the Android

application, thus laying the groundwork for practical application and evaluation.
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4 Implementation

The core of this thesis revolves around developing an Android application designed to

explore the utilization of chatbots in managing computational offloading. The technical

nuances of the implementation are pivotal to understanding the functional capability of

the app in aligning with the research objectives. A comprehensive GitHub repository

has been maintained in support of this research, which includes all the source code,

development documentation, and additional resources pertinent to the project, and it is

publicly accessible at [29].

4.1 Survey Design

The survey was designed with a multifaceted approach to gaining insights into poten-

tial users’ technical literacy, their familiarity with pivotal concepts related to pervasive

chatbots, and their willingness to embrace such technologies. It serves as a founda-

tional element in constructing the chatbot’s knowledge base. The survey consists of 29

questions, each serving a strategic purpose to encapsulate the essential factors.

The first four questions are the gateway to understanding the respondents’ demographic

background, including their age, highest educational attainment, professional or academic

field, and their self-evaluated technological literacy. This section sets the stage for a

nuanced analysis to identify trends or patterns within specific demographic segments. It

links directly to the customization and personalization aspects of the chatbot, catering to

diverse user profiles.

Following the demographic section, questions five through twenty-nine assess partici-

pants’ awareness, comprehension, and potential interaction with critical technical con-

cepts. These are crucial to the chatbot application, revolving around significant themes

like computational offloading, sensor data sharing, network sharing, file sharing, and

methods to find missing sensor data. These questions were formulated based on carefully

analyzing current technology trends and user needs, ensuring they mirror real-world

applications and scenarios.

Multiple-choice questions provide a comprehensive exploration of respondents’ engage-
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ment with technology and their existing habits. Designed to include options that reflect

standard practices to unconventional methods, these questions serve as a probe into the

participants’ everyday technological behaviors.

For example, the question regarding methods to conserve phone battery power encapsu-

lates different levels of complexity, from activating energy-saving mode to offloading

tasks to another device. It’s aimed at gauging respondents’ existing practices and techni-

cal understanding. It also aligns with computational offloading, providing direct input

into the chatbot’s knowledge base regarding energy efficiency.

Similarly, understanding respondents’ preferred methods of file transfer through a ques-

tion related to sending large files informs the chatbot’s functionalities in network sharing.

Recognizing the diversity in user practices aids in developing a chatbot that can accom-

modate many methods, including traditional and modern solutions.

Likert-scale questions add depth to understanding the respondents’ attitudes toward these

technologies. For instance, a question exploring their willingness to adopt computational

offloading gathers data on the spectrum of acceptance. This information can be pivotal

in designing the user interface of the chatbot to align with different comfort levels.

Additionally, a query on the ease of sharing phone sensor data measures the preference

for simplified technological processes. This insight directly informs the design of user-

friendly functionalities in the chatbot, reflecting the user’s comfort and convenience.

The survey design is meticulously crafted, interweaving specific application questions

with broader, attitudinal inquiries to sketch a holistic view of potential user familiarity,

practices, and sentiments towards crucial technological aspects. Integrating the survey

results into the chatbot’s knowledge base ensures an evidence-based approach to content

selection guided by clear methodological principles. This comprehensive understanding

forms a cornerstone in the subsequent chatbot design and development process, enabling

a more targeted and user-centric application fortified by the systematic incorporation of

survey insights.
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4.2 Survey Analysis

The survey garnered an extensive range of responses, with a pronounced representation of

the 25-64 age group, encompassing 80.6% of the total respondents. This age bracket often

resonates with active working professionals who are routinely engaged with technology

both in their work environment and personal spheres. The information gathered, therefore,

offers a substantive insight into the practices and perspectives of individuals likely to be

at the forefront of technological adoption.

When it comes to educational qualifications, the survey results revealed a higher in-

clination toward advanced degrees, with 54.8% holding a Master’s Degree and 35.5%

possessing a Bachelor’s Degree. Cumulatively, these respondents account for nearly 90%

of those surveyed, reflecting a high level of education. This concentration of educational

attainment can be seen as a double-edged sword.
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Figure 1. Respondent Profiles by Age, Education Level, and Technological Literacy

On one side, it aligns with the expectations that individuals with higher education are

likely to have a better grasp of complex concepts, including technological ones, and are

more inclined to engage with technological platforms due to professional requirements or

personal interests. It sets a base for understanding that most respondents are familiar with

and actively engage with technology, shedding light on current practices and preferences

that can guide chatbot development.
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On the flip side, this skew towards a highly educated population raises questions about

the representativeness of the findings. It potentially overlooks the experiences and per-

spectives of those with lower educational attainment, who may interact with technology

differently. This bias may restrict the applicability and universality of the survey insights,

especially when considering the chatbot’s accessibility and usability across a broader

spectrum of society. Future efforts should involve a more diverse educational background

to ensure the survey findings resonate with the broader population.

The self-assessed technological literacy further emphasizes the technical engagement

of the respondents, with 54.9% rating their tech literacy as high or very high. This

is in harmony with the higher educational levels reported, reinforcing the profile of a

technologically adept audience.

However, the survey also unveiled a noteworthy 19.4% who acknowledged low or very

low tech literacy. These respondents, albeit a minority, symbolize an essential subset

of the population who might experience challenges or barriers in utilizing technology.

Understanding this segment’s needs, struggles, and preferences could offer vital pathways

to enhancing user-friendliness, accessibility, and technological education, thereby making

the chatbot more inclusive.

The main focus of this section is on the implementation and user study aspects of

computational offloading, which is central to this research. For detailed information on

related but distinct topics such as sensor data distribution, network sharing, file transfers,

and missing sensor detection, please refer to Appendix B. While not the focus of the core

methodology, these areas are discussed in depth in the appendix to provide a holistic

view of the context and technical background pertinent to the primary study.

The survey responses about computational offloading paint a complex picture of partici-

pants’ familiarity, attitudes, and readiness to embrace this technology. Understanding

these aspects is pivotal in designing a chatbot that can cater to the diverse needs and

comprehension levels of its users.

The knowledge about computational offloading among respondents exhibited a widespread.

Approximately 43.7% of the participants disagreed or strongly disagreed with the as-
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sertion, "Do you know that computational offloading can be used to preserve battery

life on your Android device?" This highlights a noticeable segment of respondents who

are unaware or do not understand the concept of computational offloading, signaling an

information gap that needs to be addressed.
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Figure 2. Responses on Computational Offloading Awareness and Usage

(a) Do you know that computational offloading can be used to preserve battery life on your

Android device?

(b) I would consider using computational offloading to run intensive applications more efficiently

(c) If computational offloading could be executed automatically or with a single click, would you

be more likely to use it?

(d) I would use computational offloading to save space on my device if I knew about it.

Conversely, an equal proportion (25%) agreed or strongly agreed with the statement,

revealing some level of awareness and understanding of the potential benefits of computa-

tional offloading. This presents an encouraging sign but also emphasizes the fragmented

knowledge among the respondents. The most considerable portion of respondents re-

mained neutral (31.3%), possibly indicating uncertainty, ambiguity, or a general lack of

familiarity with the concept.

When it comes to the practical application of computational offloading, specifically
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using it to run intensive applications more efficiently, the responses tilted towards a

more affirmative direction—around 34.4% of respondents concurred with the idea,

showing an openness to adopting the technology for enhancing performance. However, a

substantial 21.9% exhibited reservations or possible misunderstandings about the benefits

of computational offloading, again emphasizing the fragmented comprehension. The

largest group remained neutral (43.8%), indicating potential indecisiveness or needing

more detailed information to form an opinion.

The question of usability brought exciting insights. When posed with the idea of exe-

cuting computational offloading with simplicity, such as automatically or with a single

click, a significant 50% of respondents displayed an inclination towards this convenience,

affirming that user-friendly design could substantially impact the willingness to use

computational offloading.

The readiness to adopt computational offloading was further explored through the ques-

tion about using it to save space on the device. Here again, a balanced view was observed,

with 46.9% agreeing or strongly agreeing, showcasing a willingness to apply the tech-

nology if adequately informed. Meanwhile, 21.9% showed disagreement or strong

disagreement, reflecting underlying concerns or potential disinterest.

In summary, the survey responses on computational offloading unravel a multifaceted

landscape. While there is evident enthusiasm and openness to embrace this technology

among specific segments, there’s also a pronounced lack of awareness, understanding,

or certainty among others. This dichotomy underscores the necessity for not only

educating the user base about computational offloading but also designing interfaces

and functionalities in a manner that makes them accessible and appealing. It provides a

clear directive for the chatbot’s design to include informative content and user-friendly

features that cater to different levels of technological literacy and interest.
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4.3 Interfacing Users’ Concerns: Mock Questions for a Conversa-
tional AI

The preliminary survey aimed to gauge the understanding and acceptance of computa-

tional offloading among potential users. The findings from this survey were instrumental

in crafting a knowledge base for the development of our Android application and the

subsequent user study. Although the survey encompassed several domains like file

and network sharing and sensor distribution, the focal point for app development was

narrowed down to computational offloading due to its substantial relevance in preserving

battery life and enhancing device performance.

Building on these insights, a tailored knowledge base was formulated to guide the

app’s development. Two distinct modes were designed: a pervasive mode, where the

chatbot automates suggested actions with a single click, and a reference mode, where

manual steps are provided for executing recommended actions. This bifurcation aims to

cater to varied user preferences and levels of technical proficiency, thereby promoting a

user-centric approach.

The ensuing user study, designed with 12 participants, further explores the practical

interaction of users with the chatbot in both modes, aiming to glean a deeper understand-

ing of user preferences, the effectiveness of the chatbot’s guidance, and the overall user

experience.

As we transition into the Implementation chapter, the knowledge base derived from the

survey results forms the bedrock of the app development, setting a robust foundation

for evaluating the chatbot’s role in simplifying computational offloading for users. The

user-centric design, inspired by the survey insights, aims to bridge the identified informa-

tion gap, making computational offloading more accessible and user-friendly, thereby

potentially enhancing the user experience and acceptance of computational offloading

technology.
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4.4 Technical Specifications

The application’s backend was developed using Java 17, selected for its performance

and reliability in Android environments. Java’s extensive libraries and community

support make it an industry standard for Android app development [9]. The compatibility

features in Java 17, such as the enhanced switch expressions and pattern matching, for

instance, ensure cleaner code with fewer boilerplate statements [23]. Its strong memory

management capabilities are essential for the intensive processing required for natural

language understanding and computational offloading tasks [36].

The choice of SDK version 33 aligns with the current best practices to leverage new

Android capabilities and ensure security compliance [25]. Gradle 8.1.2 was chosen

for its advanced dependency management and build optimization features [28]. By

automating and encapsulating build processes, Gradle provides a streamlined workflow

that facilitates continuous integration and delivery, critical for modern app development

[2].

The permission structure complies with Android’s development guidelines for Bluetooth

and location services [4]. Permissions such as fine location are standard for applications

that require precise user location to deliver context-aware computational offloading

suggestions [52]. The requirement for accessing accessibility settings and usage access

settings follows the protocol for obtaining user-consented app usage data, which is

essential for the study’s logging features [72].

The adoption of Apache OpenNLP 2.3.0 was informed by its performance in processing

natural language, crucial for understanding user inputs [75]. OpenNLP provides machine

learning-based tools tailored for parsing text and speech [50]. Utilizing the Levenshtein

Distance algorithm is a well-established method for improving the accuracy of spell

correction in NLP [54]. This robust toolkit enables the app to interpret a variety of user

queries with precision, an essential feature for the chatbot’s functionality.

To ensure the robustness of the application, unit testing was implemented using JUnit4.

This widely adopted framework allows for writing repeatable tests, ensuring that indi-

vidual units of source code are tested for their functionality [8]. AssertJ was integrated
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to provide fluent assertions for unit tests, enhancing their readability and error message

clarity [76]. The combination of JUnit4 and AssertJ effectively verified the logic within

the app’s modules, a crucial step in maintaining code quality. Robolectric was employed

for UI testing, simulating Android SDK classes without needing actual devices or an

emulator [55]. This tool facilitated the testing of Android components in a controlled

environment, allowing for rapid iteration and debugging. Through Robolectric, the team

tested the application’s UI logic, lifecycle events, and interactions with Android system

services, ensuring a seamless user experience.

GitHub Actions was configured to automate the build and testing processes [22]. With

every push to the repository, GitHub Actions triggered a series of steps that compiled the

code, executed the test suite, and reported the outcomes. This CI/CD pipeline was critical

for identifying issues early and streamlining the development process, allowing for

frequent updates and ensuring that new features and fixes did not introduce regressions.

4.5 Application Structure

The Main View is the gateway to the application’s functionalities, designed with manda-

tory selection controls that ensure users make an informed choice of interaction mode

and consent to the terms of service before proceeding. This view is deliberately

crafted to prevent progress to the Chat View unless the user has selected an interac-

tion mode—pervasive or reference—and accepted the terms and conditions. Such a

design ensures compliance with user consent protocols and prepares the user for engage-

ment with the application. The user interface, through iterative design and user feedback,

has been refined to be not only intuitive but also regulatory-compliant, guiding users

through necessary actions before accessing core features.

The Chat View is the heart of user interaction with the chatbot, offering two distinct

modes of operation: pervasive and reference. In the pervasive mode, the chatbot provides

suggestions and facilitates the execution of these actions with the simple press of a

button. This ’one-click’ approach embodies the essence of pervasive computing, where

technology is unobtrusively embedded into the environment, allowing for an effortless

user experience. In contrast, the reference mode adopts a more educational approach,
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Figure 3. Application main view

where the chatbot provides detailed, step-by-step instructions that users must manually

follow to complete a task. This mode is designed for users who prefer or require a

deeper understanding of the processes behind the actions or those who wish to maintain

greater control over their device’s operations. The differentiation between pervasive and

reference modes in the Chat View provides users with the flexibility to choose how they

interact with the chatbot, catering to a broad spectrum of user preferences and needs.

Users must mark reference chatbot suggestions once they complete them to get more

suggestions.

In the Chat View, users engage with the chatbot, which utilizes sophisticated natural

language processing techniques to enhance interaction. When users enter input, the

application applies a spell correction mechanism using Levenshtein Distance against a

dictionary. The input is then tokenized, and synonyms are checked to ensure comprehen-

sive understanding. Subsequently, this processed input is matched against a set of mock

questions using token overlap scoring. A response is triggered if the match exceeds the
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Figure 4. Application chat view

threshold of 0.3, ensuring the chatbot only provides relevant and accurate information.

This meticulous process guarantees the chatbot’s responses are contextually appropriate

and user-centric.

The Log View in the application is a feature that caters to transparency and user control.

Users can view their interaction logs, export them for personal review, or clear them

entirely, granting a high degree of autonomy over their data. For those concerned with

privacy, the option to opt out of logging is available by disabling the accessibility service.

This feature underscores the application’s commitment to user privacy and data security,

aligning with best practices in user consent and data management. The Log View’s

capabilities are communicated clearly to users, ensuring they are aware of their rights

and the control they have over their information within the app. It is designed to record

all user actions and interactions within the application. The architecture of this view is

structured to capture a wide range of data points, from simple button presses to complex

interaction patterns. This data is paramount for analyzing user behavior, app performance,
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Figure 5. Application log view

and the overall effectiveness of the chatbot. The implementation of the Log View adheres

to privacy standards, ensuring that all data collection is transparent and consent-based, as

outlined in the Terms and Conditions.

The detailed architecture of these three primary views provides a comprehensive insight

into the application’s functionality. The Main View sets the stage for user interaction,

the Chat View acts as the interactive conduit between the user and the application, and

the Log View silently captures the user journey, providing invaluable data for further

application refinement. Each view is meticulously designed and tested to ensure a

seamless and productive user experience.
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4.6 Summary

This Chapter takes a practical turn by putting the study into action, guided by the earlier

motivations and literature insights. It maps out the entire process of turning user feedback

into a functional chatbot within an Android environment. The chapter traverses the

journey from survey design to the crafting of mock questions, all aimed at refining the

chatbot’s conversational abilities. Technical specifications are then translated into a

structured application, ensuring that the chatbot is not only responsive but also aligns

with user expectations. This seamless integration of user preferences into technical

design sets the stage for the next chapter, which will evaluate the chatbot’s performance

in real-world use.
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5 Result

5.1 User study

The user study was carefully structured to ensure participants had relevant experience

with the Android operating system to avoid bias. Participants were pre-screened to

confirm their familiarity with Android devices, as prior knowledge was necessary for an

accurate assessment of the chatbot’s efficacy. This criterion was established to prevent

any discrepancies in the study’s results that could arise from participants unfamiliar with

Android settings and functionalities (see Appendix A).

Figure 6. User study experimental setup

The unanimous affirmative response to using chatbots reflects a significant familiarity and

comfort level among users with conversational agents. This suggests that the participants

are not novices to automated assistance and have some level of exposure to AI-driven

conversational experiences. Their prior encounters with chatbots could range from simple

command-based interactions to more sophisticated engagements, possibly influencing

their expectations and interactions with the new chatbot introduced in this study. The

prevalence of chatbot usage indicates a user base that is potentially more receptive
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to adopting new chatbot applications, which can be advantageous when introducing

innovative features or seeking user feedback for enhancements.

The fact that all participants are aware of chatbot applications in smartphones indicates a

widespread recognition of the role that AI plays in enhancing the functionality of modern

devices. This awareness suggests a user base that understands the value chatbots bring to

everyday applications, such as providing quick responses, personalized assistance, or

even managing tasks. Such a level of awareness can significantly reduce the learning

curve for new chatbot applications, allowing users to focus more on the utility and

efficiency of the chatbot rather than grappling with the basics of chatbot interaction.

The universal acknowledgment of familiar methods by the users suggests that the chat-

bot’s suggestions are grounded in commonly known strategies for managing technical

aspects of smart devices. This recognition is crucial because it validates the chatbot’s

recommendations and reinforces user confidence in its capabilities. It implies that while

users are open to discovering new methods, they also appreciate seeing recognized and

perhaps previously utilized solutions among the chatbot’s suggestions. This blend of

the familiar with the new can create a balanced user experience, encouraging trust and

learning.

Participants were placed in a simulated high-stakes scenario where their smartphone’s

battery life was critically low at 5%, with an impending shutdown in three minutes. This

scenario was intended to mimic a real-life situation where immediate technical assistance

was needed. Participants were provided with a smartphone to engage with the chatbot

directly. They were then instructed to ask the chatbot a specific question to resolve this

challenge. To ensure a balanced evaluation, the 12 participants were randomly assigned

to one of two groups: six engaged with the reference mode of the chatbot, which required

manual action based on the chatbot’s instructions, and the other six interacted with the

pervasive mode, where actions were automated.

Upon initiating the task, the chatbot provided suggestions tailored to the scenario. Partic-

ipants were instructed to follow these suggestions and mark them completed, enabling

the app to offer further assistance. The study meticulously recorded the total time each

participant took to complete the tasks, with additional time-stamp data being collected
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via the app for backup verification purposes.

After completing the task, participants were asked to fill out a feedback form that included

binary (Yes/No) questions regarding their familiarity with the suggested methods and

whether they learned anything new. They were also asked to rate their experience on a

Likert scale ranging from ’Strongly disagree’ to ’Strongly agree’ in response to questions

about the practicability of the chatbot’s suggestions, their overall user experience, and

the likelihood of future use of the chatbot for similar situations.

The user study design aimed to capture not only the practicality of the chatbot’s sugges-

tions but also the user experience and learning outcomes. This approach allowed for

a comprehensive analysis of the chatbot’s performance and impact on users’ ability to

navigate urgent technical situations.

5.2 Task Completion and Efficiency

An in-depth analysis of the task completion times presents a clear difference between the

pervasive and reference groups, indicative of the varying levels of efficiency between

the two modes. Participants utilizing the pervasive mode demonstrated exceptional

efficiency, with each member completing their assigned tasks significantly quicker than

the benchmark threshold. The data showed the slowest completion time in the pervasive

group as 89.742 seconds, which is still notably faster than the quickest time within the

reference group. This stark contrast not only highlights the effectiveness of the pervasive

approach but also signals potential improvements in user experience due to reduced task

completion time.

Figure 7. User study log results
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Figure 8. Task completion success rate

The reference group, by comparison, exhibited a more erratic range of completion times,

which were generally more prolonged and variable. Their fastest task completion was

timed at 93.53 seconds, marginally surpassing the slowest time in the pervasive group,

and the longest time stretched to 186.092 seconds, which is more than double the longest

time in the pervasive group. Such variability in the reference group points to a less

predictable and potentially less reliable user experience. The fact that two participants

failed to complete the tasks within the maximum allotted 3 minutes underscores a critical

insight into the need for improvements within the reference mode.

The differentiation between the two groups becomes even more pronounced when

examining the click number—an indicator of interaction complexity. The pervasive

group averaged notably fewer clicks at 5.5, suggesting a streamlined and more intuitive

interaction pattern, likely due to higher levels of automation and user-friendly design.

In contrast, the reference group’s average of 11.83 clicks reflects a more complex and

potentially cumbersome user interface. The reduction in the number of interactions

needed in the pervasive group implies that users could achieve their goals with less effort

and cognitive load, further illustrating the benefits of the pervasive approach in enhancing

user experience and task efficiency.

Beyond the mere completion times, the success rate serves as a testament to the efficacy

of the pervasive mode. Achieving a 100% success rate, every individual in the pervasive

group completed their tasks within the allocated time, exemplifying the mode’s con-
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sistency and reliability. On the other hand, the reference group’s success rate stood at

66.7%, with two out of six participants unable to finish within the set timeframe. This

significant discrepancy not only underscores the efficiency of the pervasive mode but

also its role in ensuring successful task completions.

5.3 User Familiarity with Computational Offloading

The educational impact and behavioral implications of chatbot interactions can be illumi-

nated by examining the interplay between users’ survey responses and their engagement

with the chatbot’s educational content, particularly regarding computational offloading.

By analyzing how users who professed to learn a new method like computational of-

floading engaged with related log data — whether they investigated further or merely

accepted the chatbot’s suggestions — we can glean insights into their learning behaviors

and trust in automated guidance.

In the pervasive group, the divergence in participant responses was noteworthy. While two

individuals did not acknowledge learning about computational offloading, the remaining

four claimed they did. Interestingly, of these four, only half exhibited proactive behavior

by verifying the information, indicating diligent and responsible user conduct that

underscores the importance of inquiry in the learning process. The other two did not

pursue further information, which raises questions about their reliance on the chatbot:

Does it reflect a high degree of trust in the technology, or does it reveal a potential

passivity towards deeper learning?

On the other hand, the reference group exhibited a varied pattern of engagement. The

active search for information about computational offloading by two participants, despite

one not completing the associated task, demonstrates a level of engagement that surpasses

simple acceptance of provided information. It underscores the potential for chatbots to

stimulate curiosity and self-directed learning, albeit with mixed outcomes. The remaining

participants in this group, who did not seek further information despite claiming to have

gained new knowledge, present a paradox. This behavior may suggest either a superficial

assimilation of the information, an overestimation of their understanding, or a blind trust

in the chatbot’s capabilities, which could lead to over-reliance on automated systems
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without critical evaluation.

The interrelation between self-reported learning and pursuing further knowledge is

intricate and not always linear. The inclination to learn more about computational

offloading varied among participants, with some readily embracing the opportunity

for further investigation. In contrast, others were content with the insights provided

by the chatbot. Notably, seeking additional information did not uniformly translate

to successful task completion, challenging the assumption that information-seeking is

directly proportional to task performance. This complexity highlights the multifaceted

nature of user interactions with educational technology. It suggests that a combination

of trust, curiosity, user initiative, and the perceived credibility of the information source

influences the act of learning.

5.4 Analysis of Interaction Parameters

In a detailed examination of user interaction metrics, the pervasive group’s experience

with automated assistance stands out. Integrating automated actions facilitated by the

chatbot resulted in a notable increase in efficiency and task completion success. Par-

ticipants in the pervasive group finished their tasks in substantially less time than their

reference counterparts and with fewer clicks, suggesting that the chatbot’s streamlined

design effectively guided users through the necessary actions with minimal effort. The

pervasive mode’s success can be attributed to its ability to reduce the cognitive load on

users, allowing them to focus on the outcome rather than the process.

Moreover, the length of the user’s question and their engagement with additional infor-

mation on computational offloading did not seem to have a significant impact on the

successful use of the chatbot in the pervasive group. This indicates that the chatbot is

well-tuned to accommodate users with varying prior knowledge and inquiry depth. Users

who did not seek out additional information on computational offloading still achieved

successful outcomes, which implies that the chatbot provided sufficient guidance and

support. However, this raises questions about user reliance on automation and ensuring

that chatbots encourage a deeper understanding of their suggested actions. These findings

indicate a resilience in the chatbot’s design, affirming its ability to assist users effectively
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Figure 9. User study survey response chart

(a) Did you find the chatbot suggestion practicable or actionable?

(b) My overall experience with the chatbot is useful?

(c) How likely are you to use this chatbot for saving battery life again?

without necessitating extensive user education beforehand.

This nuanced perspective on automated chatbot interactions should be presented in

two expanded paragraphs, reflecting on both the positive outcomes regarding efficiency

and success and the considerations regarding user autonomy and understanding. It is

essential to highlight that while automation can significantly aid users, the potential

for over-reliance without understanding should be mitigated through thoughtful chatbot

design that fosters informed user engagement.

All participants, regardless of the interaction type, reported that they had used an Android

device and a chatbot before and were aware of smartphone chatbot applications. This

uniformity suggests that the user base is technologically savvy and has a foundational

understanding of chatbots, which likely influenced their ability to interact with the study’s

chatbot effectively.

Participants across both groups consistently acknowledged familiarity with some of

the methods suggested by the chatbot for extending battery life. This recognition of

known methods might imply a baseline level of technical proficiency and indicates
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that the chatbot’s suggestions aligned with common knowledge or practices in battery

conservation.

In the pervasive group, one participant indicated not learning a new method, while

the rest affirmed they did. In contrast, all participants in the reference group reported

learning new techniques. This could suggest that while the pervasive group benefitted

from automated actions, it might not have been as conducive to learning new concepts as

the reference group, where manual action could lead to a deeper understanding.

The Likert scale responses show strong agreement (4 or 5) in both groups regarding

the practicability and actionability of the chatbot’s suggestions, with pervasive group

participants generally rating their experience more positively. This suggests that the

recommendations were not only theoretically sound but also considered actionable by

the users.

Responses to the chatbot’s overall usefulness were positive across the board, with the

pervasive group showing a slightly higher inclination towards solid agreement. The

likelihood of future use also scored highly, although one pervasive participant was

unsure. This may indicate a slight hesitation, possibly due to the automated nature of

the interaction, which could have made the user less confident about replicating the

experience independently.

Interestingly, even though not all participants learned new methods, this did not negatively

impact their view of the chatbot’s usefulness or the actionability of its suggestions. This

could imply that the primary value for users lies in the immediate practical benefits

provided by the chatbot rather than its educational aspect.

The survey results indicate a positive reception of the chatbot’s functionality and use-

fulness, with a slight edge for the pervasive group regarding satisfaction and perceived

actionability. However, the reference group showed equal enthusiasm for the new

knowledge acquired, which may enhance long-term understanding and self-efficacy in

managing battery life without chatbot assistance. These insights should be reflected

in the thesis to discuss the trade-offs between automation and user education and the

importance of balancing both in the design of educational chatbots.
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Figure 10. P-values of the user interaction metrics for Pervasive versus Reference

chatbots, as determined by the Kolmogorov-Smirnov test

(a) (q6): Did you find the chatbot suggestion practicable or actionable?

(b) (q7): My overall experience with the chatbot is useful?

(c) (q8): How likely are you to use this chatbot for saving battery life again?

5.5 Significance Testing: Pervasive vs. Reference Chatbots

In this study, the Kolmogorov-Smirnov test was employed to evaluate the statistical

differences between the user interaction metrics for Pervasive and Reference chatbot

types. This nonparametric test was chosen due to its ability to compare two independent

samples without assuming a normal distribution, making it suitable for our data, which

did not necessarily follow a Gaussian distribution. Data was cleaned and normalized

before applying the test using Python’s SciPy library [81].

A p-value threshold 0.05 was set to determine statistical significance, with values below

this indicating a significant difference in distributions. The K-S test’s sensitivity to
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sample sizes is recognized as a limitation; however, its robustness for our dataset size

and type was deemed appropriate for the analysis. P-values obtained from the test have

been reported and interpreted in the context of our research questions, providing insight

into the comparative performance and user experience of the two chatbot types.

Significant differences were observed in ’Total Time’ and ’click number’, with p-values

of 0.0022, suggesting that one chatbot type may be more efficient or intuitive. In contrast,

metrics such as ’Is Successful’, engagement in computational offloading checks, and

’user question length’ showed no significant difference, with p-values well above the

threshold, indicating a similar effectiveness and interaction style across both chatbot

types.

Subjective user perceptions, assessed through Likert scale responses on the chatbots’

practicability and overall usefulness, also did not exhibit statistically significant differ-

ences. Users rated their experience and the likelihood of using the chatbot for battery

life-saving consistently, regardless of the chatbot type they interacted with. This suggests

that while objective measures indicated variations in interaction efficiency, these did not

translate to a differential user experience in terms of satisfaction and perceived utility.

The findings reveal that faster task completion does not necessarily equate to a better

user experience and emphasize the need for a balanced approach in evaluating chatbot

performance that considers both objective efficiency and subjective user satisfaction.

5.6 Summary

The study revealed that chatbots could significantly aid users in managing technical

solutions for smart devices. In high-pressure scenarios, such as conserving battery life

during a concert, the chatbot provided practical assistance. Users interacting with the

chatbot completed tasks more efficiently, particularly in the pervasive mode where actions

were automated. This suggests that chatbots are indeed effective in guiding users through

real-time technical challenges.

The impact of prior technical knowledge on user interaction was less pronounced than ex-

pected. Users unfamiliar with computational offloading still followed chatbot suggestions
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effectively, indicating that the chatbot successfully bridged the knowledge gap. However,

a deeper understanding of technical concepts did seem to influence the perception of

the chatbot’s usefulness, with more knowledgeable users rating the experience slightly

higher.

The user experience with the chatbot was predominantly positive, with most participants

rating the interaction as practical and the suggestions as actionable. This favorable

experience was reflected in their likelihood of using the chatbot for future technical

solutions management. It suggests that a well-designed chatbot can foster long-term user

engagement.

Efficiency in executing the chatbot’s suggestions was high, particularly with the per-

vasive model, which facilitated task completion with minimal clicks within a shorter

duration. There was a positive correlation between the efficiency of completing tasks

and the users’ overall experience ratings. Participants who completed tasks quickly and

successfully rated their experience more favorably, which aligns with the convenience

and effectiveness valued in user-centric design.

In conclusion, chatbots have the potential to serve as a valuable tool for managing the

technical aspects of smart devices, mainly when user-friendly design principles are

applied. The ability to execute suggestions efficiently, regardless of the users’ prior

technical knowledge, enhances the overall user experience and suggests a promising

avenue for future chatbot applications. As technology advances, the role of chatbots in

facilitating user interaction with complex systems will likely become increasingly vital.

This Chapter presents the outcomes of the user study, marking the culmination of

the research’s practical phase. It interprets the data gathered from the Android app’s

deployment, providing a critical evaluation of how users interacted with the chatbot.

The results are examined to assess the chatbot’s performance in terms of functionality

and user satisfaction and its impact on the user experience. The analysis in this chapter

sets a detailed precedent for the next, the ’Discussion’ chapter, where these results

will be thoroughly examined in the context of the initial research aims, exploring the

implications, drawing conclusions, and paving the way for future research directions.
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6 Discussion

This thesis has embarked on a journey to resolve the complexities and capabilities of

pervasive chatbots. The investigation was conducted through a detailed multi-phase

research design, encompassing a comprehensive survey, the development of an Android

application, and a user study. The findings of this study have shed light on the role that

chatbots can play in assisting users to manage technical solutions in real-time scenarios,

such as battery conservation during events like concerts.

6.1 Interpretation of Findings

The results of this study provide fascinating insights into how chatbots can help people

with tech issues on their smart devices. Chatbots proved to be especially useful in

situations where quick help was needed. This shows that chatbots can be trusted to give

good advice and act fast when it’s most important.

Not knowing much about technology didn’t stop people from using the chatbot effectively.

This is a crucial finding because it means chatbots can be designed for everyone, not

just those with technical skills. The chatbot seemed to make complicated things more

straightforward, which is precisely what we hoped for.

People generally had a positive time interacting with the chatbot. They found the

chatbot’s advice to be helpful and felt that it made completing tasks easier. This positive

experience will likely encourage them to use chatbots again for tech-related help in the

future.

The speed at which people could implement the chatbot’s suggestions was closely linked

to their satisfaction. The faster and more successful they were at finishing tasks with the

chatbot, the better they felt about the whole experience. This tells us that making chatbots

that are easy and quick to use should be a big focus when they are being designed.

In summary, the findings suggest that chatbots can be a valuable support for people

dealing with smart devices, and their design should be straightforward and user-friendly.

This could make chatbots a more common tool in everyday tech tasks as we advance

with new technology.
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6.2 Comparative Analysis with Existing Literature

In comparing our study’s findings with existing literature, there is an explicit agreement

on the effectiveness of chatbots in technical domains [53]. Similar to these findings,

our chatbots facilitated user interactions with complex systems, reinforcing that natural

language processing can significantly reduce the barrier to effective user engagement.

However, our research extends these findings by demonstrating that even users with

limited technical knowledge can effectively interact with chatbots.

Our study also contributes to the knowledge of user satisfaction with chatbots. The

positive correlation between the ease of task execution and user satisfaction supports the

findings of Brandtzaeg and Følstad [11], who emphasized the importance of perceived

ease of use and usefulness in accepting chatbots. While our study aligns with their results,

it also suggests that even in high-pressure scenarios, user satisfaction remains high when

chatbots provide efficient solutions, a scenario less explored in prior research. This

indicates that the practicality of chatbots in real-time applications may be a significant

factor in user satisfaction, which warrants further investigation in future studies.

6.3 Room for Improvement

Improving chatbot intelligence remains a crucial area for enhancement. Currently, chat-

bots may struggle with complex questions or fail to provide the most effective solutions.

By advancing the chatbot’s understanding through improved natural language processing,

we can hope for more precise and valuable interactions. Additionally, personalizing

these interactions further will allow the chatbot to learn from past conversations, offering

solutions that are more closely aligned with individual user preferences and behaviors.

The user interface (UI) design also presents an opportunity for improvement. A more

intuitive and aesthetically pleasing UI could make navigating the chatbot’s features

more straightforward and more enjoyable, which is likely to enhance the overall user

experience. Streamlining the process for troubleshooting and task completion could

also contribute to greater user satisfaction, making the chatbot more user-friendly and

efficient.
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Lastly, the scope of the chatbot’s application could be broadened to include a more

comprehensive array of scenarios beyond high-pressure situations. Testing the chatbot’s

effectiveness in everyday tasks will provide a fuller picture of its versatility and utility.

Additionally, extending the user base to include individuals unfamiliar with Android

systems will give a more rounded view of the chatbot’s performance across a diverse

range of users. Collecting feedback from this broader group will be invaluable in refining

the chatbot to serve a more varied population, ultimately enhancing its utility as a tool

for managing technical solutions in smart devices.

6.4 Limitations and Future Research

This study has provided valuable insights into the potential of chatbots in managing

technical aspects of smart devices. However, some limitations should be acknowledged,

as they open avenues for future research.

The scope of our study was limited by focusing on users already comfortable with

Android, which may not represent the entire spectrum of potential chatbot users. Addi-

tionally, we concentrated on specific, high-pressure scenarios, potentially overlooking

the chatbot’s everyday utility. The research’s short-term nature also raises questions

about the long-term effectiveness and user engagement with the chatbot. Moreover, our

approach was more quantitative, and qualitative aspects like user satisfaction and the

conversational quality of the chatbot were less emphasized.

Future research should aim to involve a broader demographic, including those with

varying tech backgrounds and users of different operating systems, to ensure broader

applicability of the results. Longitudinal studies could shed light on the sustained use and

adaptation of chatbots over time. A more diverse set of use cases should be examined to

evaluate the chatbot’s versatility in everyday tasks, and qualitative methods could provide

richer insights into user experiences. Comparative studies could also be instrumental in

identifying the most effective chatbot designs for enhancing user experience.
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7 Summary and Conclusions

In conclusion, this study highlights the promising role of chatbots in assisting with

technical solutions for smart devices, proving their worth in urgent scenarios and across

users of different technical backgrounds. The positive user experience and the efficiency

in task execution suggest that with thoughtful design, chatbots have the potential to

become widely adopted in pervasive computing. Although our research was limited

to Android users and short-term interactions, it opens the door to future studies that

could expand on these findings. Chatbots stand out as a significant tool for enhancing

user interactions with technology, and ongoing enhancements and research are vital to

realizing their potential in everyday life.
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Appendix

A User Study Procedure

The participants were first acquainted with the general functionalities of chatbots and

their standard response patterns to various queries. Upon the arrival of Participant A, the

following preliminary questions were posed:

1. Do you use an Android device, or have you used one before?

2. Have you engaged with a chatbot in the past?

3. Are you aware of chatbot applications across different smartphone functions?

Subsequently, the participants were briefed about the focus of the current research,

which investigates the role of chatbots in augmenting technical solutions for smart

devices and wearables. For illustrative purposes, an AI-assisted chatbot, ChatGPT, was

referenced, and participants were asked to respond to two questions exhibited on a

pervasive display—one of a technical nature and the other less so.

The participants were then informed about the development of a chatbot analogous to

ChatGPT, designed to optimize technical solutions in smart devices, including battery

life extension, network, and sensor sharing. A hypothetical scenario was set where

participants attended a concert with their smartphone battery at a critical 5% charge,

threatening to shut down in three minutes. They were provided with the newly developed

chatbot and instructed to implement its suggestions and mark each completed. The

app was designed to propose additional methods following each completed suggestion.

Participants were instructed to initiate the chatbot and pose relevant queries concerning

battery life preservation. The chatbot was programmed to offer advice akin to what one

would expect from a standard chatbot. The duration taken to complete the task was

meticulously recorded, supported by timestamps within the app. For those interacting

with the referenced chatbot variant, a Bluetooth connection to "Mayowa" was established

for seamless connectivity.

Upon task completion, participants were asked to respond to the subsequent questions

67



Figure 11. screenshots from ChatGPT prompts

with either ’Yes’ or ’No’:

1. Did you identify any method you were already familiar with?

2. Did you discover any new methods from the chatbot’s suggestions?

Additionally, they were requested to rate their experience on a Likert scale ranging from

1 (Strongly Agree) to 5 (Strongly Disagree) for the following statements:

1. I found the chatbot’s suggestions to be practical and actionable.
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2. My overall experience with the chatbot was positive.

3. I am likely to use this chatbot for battery conservation in the future.

B Survey Analysis of Sensor Data Management and Net-

work and File Sharing

B.1 Sensor Data Sharing

The survey findings on sensor data sharing reveal a rich and nuanced understanding

of respondents’ awareness, preferences, and apprehensions about this crucial aspect

of technology. Unpacking these insights offers valuable direction in crafting a chatbot

catering to the multifaceted user perspectives on sensor data sharing.

Initially, a strong awareness of how to share sensor data was evident among respondents,

with a substantial 75% indicating familiarity with sharing sensor data through app

permissions. This showcases a high degree of understanding of the primary method of

sensor data sharing, reflecting the prevalence of this method in current technological

practices. However, the responses shed light on a distinct contrast when it comes to

alternative methods like syncing with cloud-based services (9.4%), using local network

connections (9.4%), and pairing devices via Bluetooth (3.1%). These methods were

considerably less understood or utilized, pinpointing a clear opportunity for enhancing

user education and potentially streamlining these processes to make them more accessible

and appealing.

The significance of ease of use was further underscored by 50% of the respondents

agreeing or strongly agreeing with the proposition that automating or simplifying the

sharing of phone sensor data would enhance their likelihood of using it. This affirma-

tion emphasizes the importance of intuitive and user-friendly interfaces in promoting

technology adoption.

However, the findings also unveiled complexities in respondents’ attitudes toward specific

applications of sensor data sharing. For instance, the question about sharing sensor
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(d)

Figure 12. Responses on Sensor Data Usage Awareness and Usage

(a) Do you know your device can share GPS data with other apps to enhance location-based

services?

(b) If sharing phone sensor data with applications on your phone could be executed automatically

or with a single click, would you be more likely to use it?

(c) I would share my sensor information to games on my phone If I knew it would increase my

gaming experience.

(d) I would consider sharing my device’s sensor (accelerometer data) to support fitness or health-

tracking apps
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information to enhance the gaming experience elicited a mixed reaction. While 25.1%

showed a positive response, a higher 43.7% disagreed or strongly disagreed, and 31.3%

remained neutral. This divergence could hint at underlying concerns related to privacy or

a lack of clarity on how such sharing would genuinely benefit the user experience.

The willingness to share accelerometer data for supporting fitness or health-tracking apps

also manifested a divided stance, with 37.9% in favor and 31.3% showing resistance.

This ambivalence underscores the varied perceptions of value and concerns that govern

the sharing of specific types of sensor data.

In summary, the survey results on sensor data sharing illuminate a landscape where

familiarity coexists with gaps in understanding, enthusiasm with hesitancy, and clarity

with ambiguity. While there exists a general comfort level with some forms of sensor

data sharing and a keen interest in user-friendly mechanisms, there are also perceptible

concerns, uncertainties, or lack of interest in other applications. These insights neces-

sitate a nuanced approach in designing the chatbot’s functionalities around sensor data

sharing, including targeted user education, transparent communication of benefits, careful

handling of privacy concerns, and developing intuitive and reassuring user interfaces.

B.2 File and Network Sharing

File and Network Sharing, as integral parts of the modern digital landscape, were explored

in the survey to gauge respondents’ awareness, preferences, practices, and concerns. The

results shed light on a diverse set of insights, capturing a multifaceted perspective that

informs the development of user-centric solutions.

The survey paints a picture of robust awareness and engagement in network sharing. A

significant majority of respondents, 67.7%, were aware that their Android device could

share its network connection with other devices, reflecting a widespread understanding

of this basic functionality. Further, a commanding 71% preferred setting up a Mobile

Hotspot as their method for maintaining fast internet speed and secure connections.

However, the understanding and application of advanced network-sharing techniques,

such as implementing data limits on connected devices (0% of respondents) and utilizing
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(d)

Figure 13. Responses on Network Sharing Awareness and Usage

(a) Are you aware that your Android device can share its network connection with other devices,

providing them with internet access?

(b) Would you consider sharing your device’s network connection when others need internet

access?

(c) If there was a one-click or automatic method to secure and limit the data used during network

sharing, would you be more likely to use it?

(d) Would you share your device’s network to stream media to other devices?
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network management apps (19.4%) were notably sparse. This indicates a particular

limitation in the respondents’ familiarity or willingness to explore more sophisticated

options, potentially revealing a barrier in complexity or accessibility.

An encouraging 68.8% of respondents expressed a willingness to share their device’s

network connection when others needed internet access. Moreover, the endorsement of a

one-click or automatic method to secure and limit data during network sharing by 54.8%

of respondents underscores the ever-relevant theme of the importance of ease of use in

technology adoption.
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Figure 14. Responses on File Sharing Awareness and Usage

(a) Do you know you can use file sharing to migrate from an old device to a new device?

(b) I would share large files via methods like Cloud-based services or Direct file transfer tools if I

knew about it

(c) Would you use your device to allow multiple people to work on the same document or project

via file sharing?

(d) Do you know that in some cases, users can share application files (APKs) with others who

might not have direct access to them through the app store?

Transitioning to the domain of file sharing, the respondents exhibited preferences for

online and digital methods, with cloud-based services like Google Drive or Dropbox
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being the choice for 48.4%, followed by chat apps like Telegram for 25.8%.

The results also indicate a strong alignment with collaborative work, as 54.9% of respon-

dents resonated with the idea of using file sharing to allow multiple individuals to work

on the same document or project.

However, the survey unearthed areas where knowledge was notably lacking. A significant

31.2% of respondents were unaware of or disagreed with the capability to use file sharing

for device migration, pointing to an information gap. Similarly, the distribution of

opinions about sharing application files (APKs) with others who might not have direct

access to them was pretty fragmented: 31.2% disagreed or strongly disagreed, 40.6%

were neutral, and only 28.2% agreed or strongly agreed. This divergence signifies a lack

of clarity or understanding about APK sharing among many respondents.

The insights gathered from the survey on File and Network Sharing illustrate a landscape

marked by general solid familiarity with basic practices but also noticeable gaps in

knowledge and utilization of more advanced or specific applications of these technologies.

The data emphasize a recurrent theme of the necessity for increased user education and

the crafting of more user-friendly, accessible interfaces and methods.

These findings can guide the refinement of features, design educational content, and

shape the implementation of technologies related to File and Network Sharing to make

them more aligned with user needs, preferences, and capabilities. By doing so, we can

bridge the existing gaps and foster an environment that encourages more inclusive and

comprehensive engagement with these essential technological functions.

B.3 Sensor Data Distribution

Sensor Data Distribution, an often-underexplored aspect of modern digital ecosystems,

was scrutinized in the survey. This area involves the potential for one device to utilize

sensor data from another, especially when the required sensor is missing. This con-

cept, although technologically feasible, seems to be unfamiliar or unattractive to most

respondents, revealing a mixture of attitudes and awareness levels.

When faced with a situation where their phone lacked a necessary sensor for an app,
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most respondents (71%) indicated a preference for finding an alternative app that doesn’t

require the sensor. This approach, indicative of the path of least resistance, was starkly

contrasted with the mere 16.1% open to updating or upgrading their device and a

significantly smaller 12.9% considering a technician’s help. Notably, no respondents

would consider using sensor data from another device or purchasing the sensor to connect

it to their device, suggesting a substantial lack of awareness or appeal for these options.
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Figure 15. Responses on Sensor Data Distribution Awareness and Usage

(a) Do you know that your Android device can use sensor data from other devices when a required

sensor is missing for an app?

(b) Would you be open to utilizing another device’s sensor data to support a missing sensor in a

required app on your device?

(c) Would you consider using another device’s sensor data to support a VR/AR app that requires

a sensor missing in your device?

(d) If finding and using missing sensor data could be automated or simplified, would you be more

inclined to use it?

A probing question about the respondents’ awareness of their Android device’s ability

to use sensor data from other devices when a required sensor is missing uncovered a

pronounced gap in knowledge. With 19.4% strongly disagreeing and 38.7% disagreeing,
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a significant majority were unaware of this potential. The small 19.4% who agreed (and

the absence of a strong agreement) further emphasizes this gap, pointing to a potential

need for education and information dissemination about sensor data distribution and

interoperability.

Questions related to openness towards using another device’s sensor data for supporting

a missing sensor or specific applications like VR/AR generated mixed responses. The

neutrality of 38.7% of respondents, along with similar percentages showing agreement

(25.8%) and strong agreement (3.2%) versus disagreement (22.6%) and strong disagree-

ment (9.7%), depicts a scenario of uncertainty, curiosity, and hesitation. This mixed

reaction possibly stems from underlying concerns about privacy, security, or lack of

understanding about the process.

A notable trend emerged regarding whether an automated or simplified process for

finding and using missing sensor data would make it more appealing. With 45.2%

agreeing and 3.2% strongly agreeing, the majority demonstrated that complexity or the

required effort is a significant barrier to adopting sensor data distribution. However, a

considerable neutral stance (32.3%) and some disagreement (12.9% and 6.5%) indicate

varied perspectives and reservations that may still exist.

Furthermore, the prospect of utilizing another device’s sensor data to compensate for a

missing sensor in a required app on the respondent’s device met with an even split in

opinions, with 29% in agreement, 32.3% in disagreement, and the most significant portion

(38.7%) remaining neutral. This response pattern suggests widespread uncertainty,

reservations, or lack of awareness about this facet of sensor data sharing.

The survey findings related to Sensor Data Distribution reveal a complex landscape of

awareness, attitudes, and potential barriers. While there is a glimpse of openness to

exploring this concept, a significant lack of understanding coupled with concerns about

the complexity of the process and specific use cases forms a significant impediment.

The results underscore the need for more user-friendly, automated solutions, along with

increased awareness and education campaigns about the possibilities and benefits of

sensor data distribution. By addressing these barriers, the industry can tap into a broader
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sensor data application across devices, enhancing functionality, interoperability, and user

experience. Emphasizing the security, privacy, and practicality of such solutions would

also be crucial in gaining user trust and expanding adoption.
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