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Abstract

Obesity and sedentary behaviour represent one of the greatest global challenges to good health and wellbe-

ing. The goal of the thesis is to promote physical activity among young adults by comparing the effectiveness

of content-based and context-aware recommender systems on perceived post-intervention user experience,

exercise motivation, and projected behaviour performance. Gender differences are explored. A 73-person

user study compares recommender systems that solely focus on generating fitness plans (control group)

against alternatives that incorporate psychosocial frameworks and explainability into the generation process

(experimental group). The context-aware recommender systems provided the highest level of perceived

post-intervention user experience, exercise motivation, and projected behaviour performance compared to

the content-based recommender systems. Among females, the experimental group which leveraged persua-

sive design techniques showed numerical gains in exercise motivation and projected behaviour performance

compared to the control group, however, the interaction effect was non-significant. Future work should

investigate hybrid recommender systems in generating personalized exercise recommendations.
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1 Introduction

1.1 Recommender Systems

Recommender systems play a critical role in personalizing user interactions and experiences in domains such

as e-commerce (e.g., literature, music) and personal health records [22, 23, 24]. Their ubiquity in modern

society can be explained by rapid advancements in mobile technology and sensors, enabling a wealth of

autonomous data collection readily available for machine learning applications [23, 25].

Recommender systems are classified and implemented differently based on the required features to gen-

erate the corresponding label. Table 1 summarizes the different types of recommender systems based on their

definitions and feature characteristics that have been used across various domains. Applications of recom-

mender systems within the fitness domain remain an understudied area, thereby creating many opportunities

for future work [26, 27]. For example, a systematic review by Toyonaga and Oyibo [28] that evaluates

fitness-based recommender systems identified that 40.74% of studies did not use human participants and

only relied on computation-based metrics (e.g., predictive accuracy, F1-score). They also identified that

31% of the evaluated studies did not leverage any theoretical frameworks to design or evaluate the systems;

rather, the system design solely relied on ad hoc principles. Lastly, recommendation explainability (28%)

and privacy-preserving methods (13%) were shown to be lacking in the systems design and implementation.

Table 1: Commonly Used Recommender Systems with their Corresponding Definitions

Recommender System Definition
Collaborative Filtering Using profiles of similar users (e.g., preferences) to determine

relevant products or services of interest [22].

Content-based Filtering Using information about products or services (e.g., cost, descrip-

tions, themes) to determine relevant suggestions to a user [22].

Context-Aware Using user and/or content-based information in addition to dy-

namic contextual cues that affect user preferences. Examples in-

clude the time of day, location, or weather [29].

Demographic Using personal information and biomarkers (e.g., age, gender,

ethnicity, weight, height) to determine a relevant suggestion [29].

Hybrid Using a combination of two or more types of recommender sys-

tem architectures.

Knowledge-based Reasoning Using a database of information to support rule-based reasoning

(e.g., implications) in the generation of relevant recommendations

[30].
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1.2 Motivation

Current fitness-based interventions that aim to reduce sedentary behaviour (e.g., hiring a personal trainer)

have been shown to be ineffective due to monetary and accessibility-related barriers [31, 25]. Furthermore,

the one-size fits all approach for designing interventions for a particular individual without consideration of

dynamic preferences and capabilities has resulted in low user engagement and retention rates [23, 32, 33].

For example, a study showed that 50% of participants from the United States who signed up for a fitness

class withdrew within the first six months [32].

The lack of effective fitness-based interventions which reduce sedentary behaviour is problematic as lack

of physical activity among the global population has presented itself as one of the greatest threats to good

health and well-being [34]. In 2020, the World Health Organization (WHO) announced that the global

adult (28%) and child population (81%) were not sufficiently physically active, citing an obesity epidemic

[34, 31, 29].

Chronic obesity significantly increases risk factors related to cardiovascular, pulmonary, cognitive (e.g.,

Alzheimers), and diabetes-related illnesses, which significantly reduce one’s quality of life [34, 31, 35, 36,

37]. Obesity prevention is especially pertinent for children as the risk factors remain even if they lose the

excess weight later on in life [34]. At a global level, chronic obesity results in the loss of billions of dollars

through healthcare expenditure (e.g., medicine, treatment) and an inability to work due to presenteeism,

absenteeism, and premature mortality [34].

Certain populations such as women, university students, people living on low-income, and residential

school survivors are at heightened risk of obesity [36, 38, 39]. They require specialized consideration in the

development of these intervention systems. While their particular cause of obesity can be explained due to bi-

ological differences, work-life balance, inaccessibility to relevant services, or affordability of healthy foods,

these factors demonstrate the necessity in developing theory-driven context-aware recommender systems in

the fitness domain [36, 39].

This thesis seeks to develop a personalizable fitness-based recommender system that leverages theory-

driven behavioural and psychological frameworks. The experimental system will be evaluated against a

control system that does not incorporate factors of explainability and user trust. The target demographic

represents young adults, aged 18-30 years old with no physical or cognitive disabilities that can be readily

determined.
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1.3 Research Objectives

This thesis aims to address the following research questions:

RQ1: How does explainability affect the perception and adherence to fitness-based recommendations?

To investigate how explainability affected user perception, we provided participants with SHapely Ad-

ditive exPlanations (SHAP) and Local Interpretable Model-Agnostic Explanation (LIME) bar plots for

each prediction. Furthermore, we communicated the probability estimates for the top 5 most relevant

recommendations. Lastly, for each prediction, we used a Large Language Model (LLM) with Chain-

of-Thought (CoT) prompting to explain why the recommendation was made from the participant’s

user profile and how to integrate it into their daily routines using techniques from persuasive design.

RQ2: How does the application of theoretical frameworks grounded in social science and psychology

used to design fitness-based recommender system affect the perceived utility of the fitness plans?

To investigate the effectiveness of theoretical social and psychology-based frameworks in the design

and evaluation of fitness-based recommender systems, we compared the results of a control and ex-

perimental group using Aligned Rank Transform ANOVA [40] and post-hoc contrast testing (ART-C)

[41]. Thematic coding, sentiment analysis, and text mining of open-ended questionnaire data was used

to evaluate the qualitative aspects of the study results. The control group implemented the fitness-

based recommender systems without persuasive design or behaviour-based considerations. Further-

more, explainability was not supported through logical text-based reasoning (e.g., Chain-of-Thought

Prompting) and data visualizations (e.g., SHAP, LIME).

RQ3: How does user experience (e.g., trust, privacy, and perception) affect user attitudes and adher-

ence to fitness-based recommender systems?

Moreover, to investigate user trust, we implemented Sundar’s Human-AI Interaction Model based

on the Theory of Interactive Media Effects (HAII-TIME) [16] into the system. The cue-based route

leveraged Bandwagon, Social, and Authority-based heuristics in the LLM prompts and design of each

recommender system.

To investigate how privacy affected user attitudes, we minimized data collection as much as possible

and did not save the provided features to each of the recommender systems. Furthermore, we use

open-source models in the experimental condition (mistralai/Mistral-Nemo-Instruct-2407) and closed-

source models (openai/gpt-4o) in the control condition. Lastly, the privacy policies on the main screen

of the experimental intervention were written differently to immediately reflect these changes to the

participant prior to interacting with the recommender systems.
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1.4 Contributions

Completion of this thesis has resulted in the following contributions:

• Contribution 1: We conducted a comprehensive systematic review [28] on fitness-based recom-

mender systems, which uncovered unmet needs from a hybrid technological and social science per-

spective [28]. The manuscript outlined future directions for fitness-recommender systems and pro-

vided a framework for implementing explainable, privacy-preserving recommender systems which

shaped the development of this work.

• Contribution 2: We developed an explainable, privacy-preserving recommender system that lever-

aged social science, psychology-based, and persuasive technology design frameworks and evaluated it

in a user study. The Design Science Research Methodology (DSRM) Process Model [17] was used to

guide this research.

• Contribution 3: We used intelligent agents with search and retrieval-based tools (e.g., Retrieval Aug-

mented Generation) to generate personalized fitness plans for participants. The plans could be adapted

and re-designed according to changing preferences, physical capabilities, or design frameworks in

real-time, maximizing system trust.

• Contribution 4: We leveraged multiple theoretical frameworks such as the Fogg Behavioural Model

(FBM) [10] and Persuasive System Design Model (PSD) [11] to personalize fitness recommendations.

We focused on maximizing user adherence to the recommendations by emphasizing motivation, self-

efficacy, and actionable triggers.

• Contribution 5: We implemented several recommender systems based on varying levels of required

information (e.g., exercises, physical condition, personal preferences) to evaluate how privacy affects

user attitudes and behaviour towards exercise.

The contributions of this work are also in line with five of the 17 United Nations Sustainable Development

Goals (UNSDGs) as follows:

1. Good Health & Well-being (SDG3): Long-term exercise adoption increases a persons quality of life

by reducing risk factors related to chronic physical and cognitive diseases such as type 1 or 2 diabetes,

hypertension, and Alzheimer’s [34, 31, 35, 36, 37].

2. Quality Education (SDG4): Programs that teach students about healthy behaviours related to obesity

prevention and weight management (e.g., exercises & diets) are lacking or inaccessible to the broad

public [39]. Fitness-based recommender systems can be used as a cost-effective and readily-accessible

resource that drives University programs aiming to address weight management in a personalized and

empathetic manner.
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3. Decent Work & Economic Growth (SDG8): Obesity and its related comorbid diseases result in

significant declines in workforce productivity due to presenteeism, absenteeism, and premature death

[34]. Furthermore, the increase in healthcare services caused by obesity results in billions of dollars

in healthcare expenditure through medical care and prescriptions. This can be minimized through the

use of personalized fitness-based recommender systems.

4. Reduced Inequalities (SDG10): Existing interventions which seek to reduce obesity among the gen-

eral population often fail due to a one-size-fits-all approach [27]. A lack of consideration towards

barriers such as scheduling, injuries, available resources, or social influences (e.g., gender [42]) are

solved through the application of intelligent agents with proper tools.

5. Partnerships for the Goals (SDG17): Fitness-based recommender systems are understudied and lack

a commonly accepted framework for their design and evaluation [27, 26]. This work provides a frame-

work for the design and evaluation of fitness-based recommender systems grounded in social science

and psychology literature. Furthermore, common barriers resulting from existing recommender sys-

tems such as a lack of explainability, trust, and user privacy are addressed to increase long-term user

engagement and retention.

1.5 Thesis Structure

Chapter 1 introduces the concept of recommender systems and outlines the contributions of this work. Chap-

ter 2 summarizes the theory-driven frameworks used in this work and discusses how recommender systems

have been administered in the fitness domain. The literature review identifies key areas for future work.

Chapter 3 outlines the methodology used in addressing our research questions. Chapter 4 outlines the results

of the experiments. Chapter 5 discusses and contextualizes the results with respect to previous work. Chapter

6 identifies implications and future work. Lastly, Chapter 7 summarizes the undertaken work and reiterates

the fundamental contributions.

5



2 Literature Review

This chapter outlines previous work that provides context for the contribution of this thesis. Furthermore, it

highlights and outlines behaviour and psychology-based frameworks (Chapter 2.5) that will be used to sup-

port the research design. These frameworks have been chosen to personalize fitness plans by simultaneously

considering motivation, technology acceptance, and environmental factors.

Toyonaga and Oyibo’s [28] systematic review on fitness-based recommender systems outlined active

areas in which research has been undertaken. Table 2 summarizes each of the studied domains with relevant

references.

Table 2: Commonly Studied Domains for Reduction of Sedentary Behaviour Using Fitness-Based Recommender
Systems

Target Behaviour Activities References
Reduction of Sedentary

Behaviour

Workout Correction

Diets

User Dropout

Activity Classification

Walking Routes

Jaiswal et al. [43]

Mahyari and Pirolli [44]

Kulev et al. [45]

Coppens et al. [26]

Coppens et al. [46]

Coppens et al. [47]

Tragos et al. [48]

Ono et al. [49]

Lin et al. [50]

Li et al. [51]

Sengan et al. [52]

Dharia et al. [53]

Mahyari et al. [54]

Ali et al. [30]

Alcarez-Herrera and Palomares [55]

Chowdhury et al. [56]

Pilloni et al. [57]

Kadri et al. [58]

Takama et al. [59]

Minakata et al. [60]

Active Ageing

(Elderly Care)

Exercises

Diets

Martinez-Martin et al. [31]

Palumbo et al. [61]

Wongpun and Guha [62]

Strength Training Exercise Guidance Tran et al. [63]
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Table 2 (continued)

Target Behaviour Activities References
Weight Loss Exercise Guidance

Exercises

Diets

Fitness Plans

Liu et al. [25]

Zhao et al. [64]

Ichino et al. [65]

Agans et al. [27]

Zhao et al. [66]

Afzal et al. [67]

Yang and Zhao [68]

Ali et al. [69]

Basnayake et al. [70]

Palomares et al. [71]

Gomez-del-Rio et al. [72]

Alcarez-Herrera et al. [73]

Sun et al. [74]

Balpande et al. [75]

Gasparetti et al. [76]

Marathon Training Training Plans

Diets

Berndsen et al. [77]

Berndsen et al. [78]

Feely et al. [79]

Donciu et al. [80]

Management of Chronic

Illness

Exercises

Fitness Plans

Diets

Ferretto et al. [81]

Cavallo and Toumazou [82]

Vairale and Shukla [83]

del Rio et al. [35]

Alian et al. [84]

Xie and Wang [85]

Rehabilitation (Therapy) Exercises

Diets

Fitness Plans

Reminders (Motivation)

Chang et al. [86]

Gmez-Portes et al. [87]

Gonzalez-Gonzalez et al. [88]

Ishraque et al. [89]

Blasco et al. [90]
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2.1 Explainable Recommendations

Research into the explainability of fitness-based recommender systems, a type of information system that

generates exercise and dietary plans based on user data, has been scant [27, 26, 73, 71, 46, 79, 54]. Table 3

outlines identified techniques and studies which leveraged explainability into the recommendation process.

Table 3: Commonly Used Explainability Metrics Implemented in Fitness-Based Recommender Systems with their
Definitions

Implementation Definition References
Rule-based Reasoning Using logical implications to gener-

ate relationships between entities from

knowledge-bases to explain an algo-

rithms decisions.

Ali et al. [30]

Wongpun and Guha [62]

Palomares et al. [71]

Lin et al. [50]

Afzal et al. [67]

Gonzalez-Gonzalez et al. [88]

Gmez-Portes et al. [87]

Alian et al. [84]

Feature Importance Using statistical analyses and proper-

ties of machine learning models such

as impurity to determine the impact of

features on the prediction of a particu-

lar label.

Pilloni et al.[57]

Zhao et al. [64]

Yang and Zhao [68]

Feely et al. [79]

Coppens et al. [47]

Text-based Reasoning Using textual argumentation or expla-

nations to help support adherence to the

recommended exercise or fitness plan.

Feely et al. [79]

del Rio et al. [35]

Risk Visualizations Visualizing risky locations for partici-

pant safety on a 3-dimensional map in-

terface.

Minakata et al. [60]

Of the studies which leveraged rule-based reasoning, 75% (6 / 8) were user or hybrid studies that evalu-

ated recommendation quality through metrics such as accuracy or agreement of relevance from target users

and healthcare experts [62, 71, 50, 67, 88, 84]. None of the studies evaluated whether the explainable rules or

the data sources by themselves were influential in affecting user trust in the system. For example, evaluating

whether the rules were easily comprehendible to the users was not evaluated.
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Similarly, of the user or hybrid studies which calculated and visualized feature relevance (3/5, 60%),

none of them evaluated whether the visualizations or descriptions could affect users’ perception or belief in

the machine learning model. They were only used to describe the model quantitatively within the article

[57, 64, 68, 79, 47].

Lastly, in the case of user or hybrid studies which used text-based reasoning or risk visualizations, only

one user study (1/3, 33%) qualitatively evaluated the impact of explainable recommendations [79, 35, 60].

del Rio et al. [35] demonstrated that using fact-based reasoning in their fitness-based recommendations

resulted in participants having a positive perception towards the intervention.

2.2 Trustworthy and Privacy-Preserving Recommendations

Table 4 outlines the current implementations of trust and privacy-preserving methods in fitness-based rec-

ommender systems from Toyonaga and Oyibo’s systematic review [28].

Table 4: Commonly Used Privacy-Preserving Interventions Used in Fitness-based Recommender Systems with their
Definitions

Implementation Definition References
User Authentication Personal data is safeguarded against malicious

actors by requiring user authentication (e.g.,

username and passwords) [91].

Afzal et al. [67]

Banos et al. [91]

Encryption Using an algorithm to obfuscate the original data

(plaintext), making it uninterpretable (ciphertext)

without the proper key. Often, the key is related

to a user identity metric [52].

Ishraque et al. [89]

Sengan et al. [52]

European GDPR Compliance Governmental regulations that protect user

privacy through enforcement’s such as user

anonymization and clear privacy policies. Often,

these policies outline what data is collected, how

it used, and how to opt out of the policy. [68].

Yang and Zhao [68]

del Rio et al. [35]

Anonymization or Prediction of

Personal Information

Anonymization of data [48] refers to the removal

of information from participant data which could

reveal their personal identity. Prediction of per-

sonal data refers to using models trained on non-

personal information to predict biomarkers such

as gender or culture [25].

Tragos et al. [48]

Liu et al. [25]
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Of the studies which implemented privacy-preserving policies, 50% (4/8) were user studies that evaluated

metrics such as usability, user experience, and opinions on recommendation relevance [67, 68, 35, 48].

However, it was not made clear if participants were made aware of the privacy policies and whether this

impacted their perception of the systems quality and trust-worthiness.

Sun et al. [74] evaluated how features of recommender systems such as the inclusion or exclusion of

social media data and affordance of user control affect health-based outcomes. They leveraged the Theory of

Interactive Media Effects (HAII-TIME) model to design and evaluate the study [16]. It was found that of the

6 personalization approaches, those which leveraged social media data in the generation of recommendations

were perceived as least favourable. Additionally, while affording users with control in the recommendation

process received positive results, the effect was only statistically significant in the group which initially

invoked threat to user identity. Questionnaire data demonstrated that the majority of negative sentiment

around the social media conditions involved (1) a lack of relevant information, (2) privacy concerns, and (3)

uncertainty of the intervention’s abilities.

While the study did utilize the cue (heuristics) and action-based (affordance) routes with success through

increasing user trust in the system, persuasive design frameworks were not utilized. Furthermore, the rec-

ommender systems were not implemented; a Wizard of Oz protocol was used as the fitness recommendation

was predetermined and static for every condition. Lastly, only 3 heuristics were implemented into the pro-

totype; bandwagon, identity, and machine. Future work can evaluate how other heuristics affect user trust in

the system in addition to implementing other recommender systems (e.g., context-aware, hybrid).

Liu et al. [25] developed and evaluated a privacy-friendly recommender system that supported personal-

ized distance, speed, and heart rate (zone) thresholds. Explicit data collection of personal information (e.g.,

age, gender, height) was circumvented through the use of Tensor Decomposition and sensor-based datasets

to predict user information. Once all of the relevant features were obtained, a Multilayer Perceptron (MLP)

and Bi-directional Long-Short Term model were trained and evaluated to support fitness guidance. Evalua-

tion metrics (Root Mean Squared Error, Mean Absolute Error) demonstrated that the model was capable of

making accurate recommendations in spite of using data augmentation techniques.

The study outcomes were limited as only computation-based metrics were evaluated. For example, the

perception of the privacy-preserving technique could not be evaluated. This is significant as users may prefer

to select implicit data entry rather than having their personal information predicted. By not giving users

control in the recommendation process, trust in the system may be reduced, according to the HAII-TIME

framework [16].

Sengan et al. [52] implemented a secure cloud-based recommender system that leveraged personal in-

formation and sensor-based data to suggest daily workouts. Furthermore, their architecture supported ho-

momorphic encryption standards on user data to safeguard against privacy violations. Computation-based

evaluation (Mean Absolute Error, Root Mean Square Error) on three testing datasets demonstrated that the

recommender system was effective and robust against attack vectors such as bad-mouth or on-off attacks.

Similar to Liu et al. [25], by not leveraging human participants, it remains unclear how users would

perceive the effectiveness of the privacy-preserving intervention. For a non-technical person, encryption

may seem insufficient in preserving personal information without trust in the Organization.
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2.3 Applied Behavioural and Psychological Frameworks

Table 5 outlines theoretical frameworks which have been used to design or evaluate fitness-based recom-

mender systems in user and computational-based studies.

Table 5: Commonly Used Behavioural and Psychological Frameworks for Designing and Evaluating Fitness-Based
Recommender Systems with their Definitions

Theoretical Framework Definition References
Behaviour Change Theory &

Self-Efficacy

Developing interventions through planned ac-

tivities which seek to change pre-existing be-

haviours [14]. Often, this is done through

considering factors such as motivations, ca-

pabilities, and self-efficacy (e.g., Belief [18]).

Li et al. [51]

Mahyari and Pirolli [44]

Palumbo et al. [61]

Cavallo and Toumazou [82]

Ichino et al. [65]

Coppens et al. [47]

Coppens et al. [26]

Gamification The personalization of an intervention

through the consideration of factors such as

user modeling, dynamic elements, and re-

wards (e.g., points). Often, spaced-repetition

is emphasized to help promote learning

objectives. [66, 92].

Gmez-Portes et al. [87]

Zhao et al. [66]

Gomez-de-Rio et al. [72]

Zhao et al. [64]

Gonzalez-Gonzalez et al. [88]

User Modelling & Self-

Reflection

Integration of personalized recommendations

to users based on feedback [46]. Often, it is

obtained or inferred through the consideration

and contextualization of factors relating to the

current user’s status, profile, and weather con-

ditions. Self-Reflection refers to an individ-

ual’s comparison of abilities against them-

selves (personal) or others (social) to motivate

behaviour change [45].

Ishraque et al. [89]

Kulev et al. [45]

Coppens et al. [46]

Sun et al. [74]

del Rio et al. [35]

Mahyari and Pirolli [44] implemented a mobile-based collaborative filtering recommender system that

generated personalized exercises and health goals. It incorporated Behaviour Change Theory and Self-

Efficacy into the design of the intervention. The interconnected recurrent neural network was trained to

predict exercise recommendations based on a high likelihood of user adherence and exercise completion.

While the computational-based study had a positive outcome with high accuracy, there were limitations in

study generalizability and data sparsity. Firstly, not evaluating the intervention with participants meant that

relevant outcome metrics such as user behaviour and psychological states could not be analyzed. Secondly,
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the model suffered from data sparsity issues; accuracy diminished for underrepresented classes that diverted

from a one-size fits all approach. As user engagement drops, the model is unable to improve or maintain

satisfactory recommendation relevance given its current implementation.

Gomez-del-Rio et al. [72] developed a web-based hybrid recommender system for obese children tar-

geting relevant dietary and physical activity suggestions. It was integrated into an exergame and designed

using the Quantified-Self Model [93]. The Quantified-Self Model was integrated with Gamification tech-

niques (e.g., rewards) in order to increase personalization and motivational factors by delivering relevant

real-time health metrics to the user. Additionally, a trigger was built into the system using a multi-armed

bandit approach to determine the best times to notify a user for increasing their physical activities. While the

randomized control study outcome with 46 participants was mostly positive, questionnaire data revealed that

any weight lost during the study was re-gained. However, the participants in the experimental group reported

significantly higher self-efficacy and positive emotions towards exercises. Additionally, their knowledge of

healthy behaviours (diet and exercise-based) was significantly improved after completing the study. A lim-

itation of the study was that the user interface and usability of the exergame was not evaluated. This may

have subsequently affected the effectiveness of the exergame. Furthermore, small group sizes may have led

to noise in the statistical testing and analysis.

Sun et al. [74] performed a user study to evaluate how fitness-based recommender systems are perceived

when different implementations and privacy policies are used. Content-based and collaborative-filtering

recommender systems were prototyped, designed, and evaluated using the Human-AI Interaction Model

based on the Theory of Interactive Media Effects (HAII-TIME) model [74, 16]. In each of the conditions, the

provided fitness recommendation was static to avoid introducing biases and noise into the results. The HAII-

TIME model states that a user’s trust in the system is increased through cue-based (heuristic) or action routes

[16]. Heuristics increase a user’s trust in the system by minimizing mental resources required to evaluate

credibility (e.g., BandWagon or Authority-based endorsements). The action-based route increases user trust

by enabling multiple pathways for how recommendations are generated. In this way, the user can select an

intervention which closely aligns with their personal and/or privacy preferences. While the study outcome

was mostly positive and proved that cue and action routes increase user trust, there were generalizability

limitations insofar as other recommender system architectures were not considered (e.g., hybrid, context-

aware). Furthermore, the study could have been extended by considering the use of persuasive message

design frameworks [94] in the representation of exercise suggestions.

2.4 Barriers to Fitness Adoption

Table 6 outlines barriers to increasing physical activity which have been addressed through the implementa-

tion of fitness-based recommender systems.
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Table 6: Commonly Cited Barriers by Users to Increasing their Physical Activity levels

Barrier Definition Reference
Healthcare Accessibility Limited resources to adequately pro-

vide patients with access to health-

care professionals or services such as

elderly care [62] or therapy special-

ists [87]. Professionals are required

to create personalized, effective, and

actionable health plans. Additionally,

healthcare accessibility can be related

to barriers such as language, educa-

tion level, location, and monetary costs

which prevent individuals from seeking

help [84].

Wongpun and Guha [62]

Ishraque et al. [89]

Gmez-Portes et al. [87]

Alian et al. [84]

Personalization Acquiring recommendations with

methodologies that closely align with

the users preferences and capabil-

ities [80]. Furthermore, effective

recommendation personalization

must balance accuracy, diversity, and

privacy preferences to reduce the

likelihood of user dropout [48, 26, 74].

Donciu et al. [80]

Tragos et al. [48]

Mahyari and Pirolli [44]

Blasco et al. [90]

Balpande et al. [75]

Palomares et al. [71]

Vairale and Shukla [83]

Alcarez-Herrera et al. [73]

Gasparetti et al. [76]

Feely et al. [79]

Berndsen et al. [78]

Chang et al. [86]

Alcarez-Herrera and Palomares [55]

Ali et al. [69]

Ali et al. [30]

Afzal et al. [67]

Awareness of Medical

Condition

Creating interventions which are capa-

ble of classifying and communicating

the state of a user’s medical condition

or sedentary behaviours (e.g., Kadri et

al. [58]) effectively while providing

opportunities for healthier living [81].

Ferretto et al. [81]

Kadri et al. [58]

Basnayake et al. [70]
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Table 6 (continued)

Barrier Definition Reference
Privacy Policies Implementing measures to protect a

user’s personal information. Table

4 outlines common privacy policies

which have been implemented in exist-

ing studies with their definitions.

Sengan et al. [52]

Sun et al. [74]

Liu et al. [25]

Dislike or Fear of Injury Addressing negative sentiment towards

exercise-related behaviours through fo-

cusing on barriers, social components,

explainability, and self-efficacy [27,

60].

Agans et al. [27]

Xie and Wang [85]

Jaiswal et al. [43]

Minakata et al. [60]

Scheduling Conflicts Generating exercise recommendations

and notifying the user at the optimal

time to maximize the probability of ad-

herence [49]. Often, this is accom-

plished through incorporating a user’s

calendar availability or other related

contextual factors such as weather into

the recommendation engine.

Ono et al. [49]

Chowdhury et al. [56]

Martinez-Martin et al. [31]

Li et al. [51]

Self-Efficacy Increasing a user’s intrinsic motivation

and belief in their capabilities to com-

plete exercises and change behaviour.

[60].

Mahyari et al. [54]

Ichino et al. [65]

del Rio et al. [35]

Cavallo and Toumazou [82]

Lin et al. [50]

Coppens et al. [26]
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Table 6 (continued)

Barrier Definition Reference
Motivation Personalizing recommendations to

keep users interested in completing

follow-up exercises. For example,

Palumbo et al. [61] addressed mo-

tivational problems by recording

user-reported exercise experiences

and maximizing pleasant activities.

Gamification could also be used by

leveraging motivational factors such as

rewards to keep users interested in the

intervention [66, 64].

Palumbo et al. [61]

Zhao et al. [66]

Gomez-del-Rio et al. [72]

Zhao et al. [64]

Gonzalez-Gonzalez et al. [88]

Tran et al. [63]

Dharia et al. [53]

Pilloni et al. [57]

Yang and Zhao [68]

Kulev et al. [45]

Berndsen et al. [77]

Coppens et al. [47]

Coppens et al. [46]

Takama et al. [59]

Wongpun and Guha [62] implemented and evaluated a web-based hybrid recommender system to assist

informal caregivers with elderly care. Given a user’s personal information and daily activities, the case-based

reasoning engine was able to produce relevant dietary, exercise-based, and emotional-support suggestions.

Three healthcare experts were used to assess the quality of the generated recommendations based on 5

case studies, achieving a 78.33% appropriateness. While the study outcome was positive, generalizability

was reduced through a low population size. Furthermore, the intervention was built using a small dataset

of 51 elderly participants. Data augmentation of the preliminary recommendations was not considered to

strengthen the robustness of the system.

Alcarez-Herrera and Palomares [55] implemented and evaluated a context-aware recommender system to

help support the generation of exercise and diet pair recommendations. Unlike previous studies which only

consider recommendations in isolation to a trained dataset or database, the intervention used an evolutionary

genetic algorithm to optimize personalization. After obtaining the user’s personal information, preferences,

and constraints, the algorithm would iterate and mutate several times until the fitness function achieved a

sufficient convergence. The results of the user study among 54 participants was mostly positive with the

questionnaires demonstrating high user satisfaction and recommendation relevance. However, the interven-

tion was also shown to make incorrect recommendations when the participant’s primary goal was to build

muscle. This demonstrates a limitation of the system, requiring the aid and collaboration of domain experts.

Chowdhury et al. [56] implemented and evaluated a desktop-based context-aware recommender sys-

tem for generating fitness advice. Interaction was facilitated through a chatbot user interface and a deep

neural network architecture. Training loss with respect to the Recipes 1M and NutriStrategy datasets with

anonymized student calendar availability demonstrated positive results, however, testing loss was not re-

ported. The study outcome was limited as users did not interact with the system.
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Similarly, Blasco et al. [90] implemented a mobile context-aware recommender system that aimed to ad-

dress low motivation and self-efficacy through personalization. The intervention used a chatbot interface to

provide rehabilitation plans for post-operative surgery using reminders, exercises, and explanations. Ques-

tionnaire data from participants of the study demonstrated mixed results; there were statistically significant

effects in terms of quality of life, pain, and adherence to the rehabilitation plan, however, shoulder strength

and mobility remained neutral. The study was limited by a small study duration, sample size, and effect

size. Lastly, future work could aim to integrate the intervention through large language models or intelligent

agents.

2.5 Psychosocial Frameworks & Theories

This section outlines each of the psychosocial frameworks and theories that were used to help facilitate the

design and evaluation of theory-driven fitness-based recommender systems. Each of the frameworks empha-

size important constructs such as motivation, environment, technological acceptance, privacy-preferences,

and user autonomy, however, individually, none of them are adequate in accounting for all of the constructs

simultaneously. As a result, the models have been joined together (See Figure 8) to propose a more holistic

and all-encompassing framework.

2.6 Fogg Behavioural Model

The Fogg Behavioural Model (FBM) [10] (Figure 1) is a psychology-based theoretical framework that guides

the analysis, implementation, and evaluation of persuasive technologies. It consists of three factors; moti-

vation, ability, and triggers, which can facilitate the performance of a desired behaviour. Assuming that all

of the three premises are present and sufficiently high, the desired behaviour is more likely to occur as the

activation threshold is met.

Firstly, motivation refers to the inherent will to perform an action. It is often evaluated based on emotions

or reactions that the desired behaviour elucidates; pleasure, pain, hope, fear, social acceptance, and social

rejection. Each of these metrics are nominal; it is up to the designer to consider behavioural reactions and

integrate what is necessary.

Secondly, ability refers to the difficulty or effort required to perform a behaviour. FBM posits that six

requirements must be met to support ability through simplicity; time to complete the action, monetary con-

straints, physical capabilities, cognitive capacity, social norms, and routine integration. Similar to motiva-

tion, the designer must consider each of the six requirements and design an intervention for a specific target

audience as abilities are dynamic.

Lastly, triggers refer to a call to action; the ways in which a user is notified to perform a behaviour. There

are three types of triggers based on sparks, facilitators, or signals. Each trigger is designed to help overcome

low motivation or lack of, real, or imagined abilities.
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Physical
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Cognitive
Capacity

Route
Integration

Figure 1: Fogg Behavioural Model (FBM) [10]

Spark triggers are designed to increase low motivation through the aforementioned considerations of

emotions and society-based standings. These have largely been implemented through text-based reasoning

or video channels that aim to change perceptions about existing behaviour. An example intervention includes

positive or negative framing of the consequences for not performing the intended behaviour.

Facilitator triggers are used to increase low ability through emphasizing the simplicity of an activity.

Often, the required resources are also highlighted to demonstrate that the user has everything required to

succeed in their goals.

Lastly, signal triggers are used as the optimal method of communication when motivation and ability are

high. There are no specific design techniques that are leveraged as a simple notification (e.g., reminder) will

suffice to drive behaviour.
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2.7 Persuasive System Design Model

The Persuasive System Design (PSD) model [11] (Figure 2) is an effective psychology-based theoretical

framework aimed at changing a user’s attitude or behaviour. It focuses on leveraging 28 identified design

rules to implement or evaluate a persuasive system, consisting of three components; an intent, event, and

strategy.

Firstly, the intent focuses on understanding the user and system requirements in order to change an

attitude towards a desired behaviour. The roles of the system and its end-goals must be assigned. In mapping

out the system, inconsistencies in intervention design can also be identified and rectified. Additionally,

triggers for behaviour change can be developed to execute at the opportune time.

Secondly, the event focuses on identifying user contexts. This helps map out the key attributes that are

associated with the domain of interest. For example, identifying common attributes which lead to negative

performance and creating an intervention to promote positive behaviour with actionable, simple implemen-

tations. The user context must consider preferences, goals, performance history, and self-efficacy in order to

assign reasonable milestones.

Lastly, strategy focuses on improving the communication between the persuader and persuadee. Incon-

sistencies are identified and removed from the primary message and the intervention channel is selected.

Primary Task
Support

System
Credibility

Dialogue
Support

Design
Principles

Intervention

Strategy

Positive
Behaviours

User 
Context

Event

Behavioural
History

Negative
Behaviours

Attitudes

User
Models

Behaviours
Persuader

Persuadee

Route Conflict
Resolution

Intent
System

Requirements

Figure 2: Persuasive System Design (PSD) Model [11]
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2.8 Social Cognitive Theory of Self-Regulation

The Social Cognitive Theory (SCT) [12, 13] (Figure 3) of Self-Regulation is a socio-psychological frame-

work by Bandura that explains human behaviour through the processes and consideration of self-monitoring,

personal judgment, environment, and self-reflection. It has widely been used in areas such as clinical edu-

cation and healthcare [13]. It posits that human behaviour is caused by a mixture of internal and external

circumstances that require consideration in order to motivate a desired behaviour. As a result, behaviour

change requires a multi-level approach which consists of considering personal and environmental circum-

stances.

Self-monitoring refers to how performance metrics of behaviour affect continued motivation and per-

sistence. In particular, it is heavily affected by psychological factors such as self-esteem and emotional

states. Through self-monitoring, an individual can gain insights into what kinds of behavioural patterns

drive success and define tangible goals to achieve in the future. Goal setting, if used properly through self-

monitoring, can increase self-esteem by highlighting successes and identifying achievable corrective changes

in behaviour from failures.

Judgements of successes and failures which result from self-monitoring are defined intrinsically and

extrinsically based on personal and social constructs. For example, intrinsic judgments are shaped based

on how people have reacted to their behaviour in the past whereas extrinsic judgments depend upon an

individuals performance with relation to their peers. Each of these judgments will be defined by a particular

environment and the opportunities that it provides, forming outcome expectancies. Through judgments, self-

reactive influences can take form which drive behaviour change through perceived urgency. Urgency is often

defined through self-satisfactions that serve as a reward function.

Self-reflection, through goal-setting and rewards operate under a negative feedback model where dis-

crepancies between behaviour and goals are reduced through self-introspection. A feedback loop of self-

introspection is implemented by aiming to increase ability and self-efficacy through new goal-setting.

Goals

Socio-structural
Factors

Outcome
Expectancies

BehaviourSelf-Efficacy

Figure 3: Social Cognitive Theory of Self-Regulation (SCT) [12, 13]

19



2.9 COM-B Model

The Capability, Opportunity, and Motivation (COM-B) model [14] (Figure 4) is a systematic framework

that is used to describe behavioural systems from a psychological perspective. Unlike other models, it

incorporates the intervention type, target population, and context which heavily influences system outcomes.

Furthermore, unlike most of the existing behavioural models, COM-B is grounded in behaviour change

techniques and frameworks [14] that have been validated and studied in clinical trials [15].

Capabilities represent the ability of an individual to achieve a desired behaviour. It is considered at

a physical and cognitive level. For example, physical considerations can be related to mobility or pre-

existing health-conditions. Cognitive considerations are related to the ability to engage in logical reasoning

that motivates behaviour change. This requires prerequisite knowledge about the behavioural domain and

required skills to perform a behaviour. The ability to think and reason through the completion of a specific

behaviour above all else in order to obtain a positive metric is required to drive motivation.

Opportunities represent the sum of external factors from the individual which affect behavioural out-

comes. Such considerations can include factors such as the environment, culture, and social networks of the

individual.

Lastly, motivation represents the cognitive considerations from capabilities that lie outside of goal-setting

and reasoning. For example, these processes can often be ascribed to emotion-based responses, impulses,

operant conditioning, and analytical decision making.

In order for a specific behaviour to occur, each of the three components must be sufficiently high, other-

wise, there would be multiple competing behaviours to choose from. Furthermore, each of the components

directly influences each other, meaning that a deficiency in one factor may be supported by another one. This

is best represented by the double-headed arrows in Figure 4 connecting each of the conditions to behaviour,

forming a strongly connected graph.

Physical

Psychological

Capability

Automatic

Reflective

Motivation Behaviour

Physical

Social

Opportunity

Figure 4: Capabilities, Opportunities, and Motivation (COM-B) [14, 15]
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2.10 ComTech Model

ComTech [1] is a unified psycho-technical framework that amalgamates design models grounded in commu-

nication design (socio-psychology), user experience design (technology acceptance), and persuasive tech-

nology (behaviour change) together. It aims to provide researchers with tools to help change behaviour in

domains such as healthcare by providing a robust multidimensional resource.

This thesis leverages an adapted ComTech Model (Figure 5) which only focuses on user experience (tech-

nology acceptance) to address the third research question from Chapter 1.3, “How does user experience (e.g.,

trust, privacy, and perception) affect user attitudes and adherence to fitness-based recommender systems?”

The systems are evaluated from a perception and behaviour-based approach.

Utility

Functionality

 User Experience 
Design

Reliability

Efficacy

Credibility

Dependability

Protectability

Usability

Hedonic 
Quality Pleasure

Transparent
Objectivity Trustworthiness

Figure 5: Adapted HUED-CUP Framework [1]

To this end, to adapt the original model, user trust was added as a component to the seven-item list of

supported qualities (HUED CUP). Each of the supported qualities are summarized in Table 7.

Table 7: User Experience Design Techniques from the Adapted ComTech Model [1]

Technique Definition
Utility The extent to which the intervention matches a user’s re-

quirements and expectations.

Efficacy The extent to which the intervention is able to complete

tasks to an acceptable degree.

Credibility / Dependability The extent to which the intervention can be relied upon.
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Table 7 (continued)

Technique Definition

Protectability The protection of user data from abuse, compromise, or

inaccessibility.

Usability The simplicity of an intervention requiring minimal effort

and difficulty to understand or use.

Perceived Persuasiveness

(Hedonic Quality)

The ability of the intervention to persuade a user based on

aesthetics.

Transparent Objectivity The extent to which the outputs of the intervention are ex-

plainable, impartial, free of bias, and objective.

2.11 Theory of Interactive Media Effects Model

The Theory of Interactive Media Effects (HAII-TIME) [16] (Figure 6) model is a psychology-driven frame-

work incorporating privacy and user control into the design and evaluation of AI-driven systems. It leverages

a cue and action-based route to maximize user experience and system perception by supporting transparent

processes and minimal threat to personal identity. The goal is to support a robust human-machine collabora-

tion through equal participation in decision making and intelligence amplification.

The cue-based route uses user interface heuristics to trigger fast positive perceptions about the systems

credibility. For example, negative consequences caused by the machine heuristic (e.g., mechanistic, cold,

unyielding) can be minimized through supporting social presence and authority-based heuristics (e.g., Band-

wagon [74]) and explanations.

The action-route increases user trust by supporting a transparent human-machine collaboration. In par-

ticular, the user may choose from one of many routes to obtain their desired goal that best aligns with their

personal preferences, increasing agency and affordance. A common example involves having users explic-

itly opt in or out of data collection policies [16]. In general, the action route is implemented through user

interface elements that aim to anthropomorphize its outputs.

Human-Machine
Collaboration

Cue Route

Explainability

Cognitive
Heuristics

Perceptions

Action-based
Route

User Agency User Engagement

Affordances User Identity

Figure 6: Theory of Interactive Media Effects (HAII-TIME) Model [16]: Cues and Action Routes
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3 Methodology

This work used the Design Science Research Methodology (DSRM) Process Model [17], Rapid Prototyping

[17, 20], and a mixed methods study design [95, 2] to address the research questions outlined in Chapter

1.3. The dataset, software tools, workflows, participant information, and statistical tests that we used are

discussed and reported in the following chapter.

3.1 Design Science Research Methodology

This project used the Design Science Research Methodology (DSRM) Process Model [17] (Figure 7) to

conceptualize and evaluate the interventions through a user and computational study. The DSRM Process

Model was selected as it balances design science with engineering requirements whereas more traditional

frameworks such as the System Design Framework are less adaptable [17]. It also also been used in related

persuasive technology research in the past [19]. The conceptualization, implementation, and steps to carry

out the two studies strictly followed from the sequential steps of the DSRM Process Model that are outlined

in the following chapters. The DSRM Process Model is a specialized six-phase process for carrying out re-

search in information systems. The methodology enables a feed-forward and cyclic workflow that promotes

iterative improvements. The dotted lines in Figure 7 represent the backpropagation. The six phases consist of

problem discovery, brainstorming, implementation, formative evaluation, and the dissemination of findings.

Problem
Discovery
(Motivation)

Formulation
of

Solution

Design
and

Development
Demo Evaluation

Disseminate
Findings

Process
Iteration

Figure 7: Design Science Research Methodology (DSRM) Process Model [17]: Problem Discovery & Motivation,
Formulation of Solution, Design & Development, Demo, Evaluation, Dissemination of Findings

3.1.1 Phase 1: Problem Discovery & Motivation

The first phase of the study consisted of identifying limitations from existing literature and justifying the

urgency for this work through a systematic literature review [28]. Chapter 2 identified and summarized

the limitations of existing user and computational studies, ultimately justifying the need for personalized,

trustworthy, and explainable fitness-based recommender systems.
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3.1.2 Phase 2: Formulation of Solution

The second phase consisted of identifying a methodological approach to carry out the design and evaluation

of our computational and user study. To this end, we leveraged a unified framework (Figure 8) grounded

in psychology and behaviour-driven systems to facilitate the design, implementation, and evaluation of our

fitness-based recommender systems and user study outcomes. The structure of the applied framework is

heavily grounded in Bandura’s framework for reciprocal determinism [18].

User Experience 
Design

Motivation
(Self-Regulation)

Ability
(Self-Efficacy)

Utility

Efficacy

Credibility

Dependability

Protectability

Usability

Hedonic Quality

Transparent 
Objectivity

Behaviour

Figure 8: Applied Framework for Projected Behaviour Performance Adapted from [1, 2, 18, 19]. Elements of the
Framework are Leveraged from FBM [10], PSD [11], SCT [12], COM-B [14], HUED-CUP [1], and HAII-TIME [16]

Each of the constructs were evaluated based on Likert scale responses and statistical analyses which is

discussed in Chapter 3.1.5. Table 8 outlines how the related entities and constructs of Figure 8 have been

implemented into the system design.

Table 8: Explanation of How Entities and Constructs from Figure 8 Have Been Considered in System Design

Technique Definition
Utility The features of the content-based and context-aware recom-

mender systems were selected based on common trends and

gaps in the literature. Chapter 3.1.1 describes the process in

greater detail.

Efficacy The content-based recommender system intentionally used

drop-down spinners to select features which reduces the like-

lihood of human error during the recommendation generation.

The context-aware recommender system leveraged simple fea-

tures with plain language to make the interaction straightfor-

ward.
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Table 8 (continued)

Technique Definition
Credibility / Dependability Credibility and dependability were supported through explain-

able feature relevance bar plots of the classifier models and

having the LLMs act as professional bariatric healthcare ex-

perts. Furthermore, the Agents thought process was logged

and viewable to the user to determine how credible the final

recommendation was.

Protectability Protectability was implemented through the privacy policy of

the recommender systems.

Usability The user interface elements were carefully chosen and se-

lected to maintain minimalistic design. Widgets and elements

are only included if they were necessary to facilitating com-

munication between the system and user.

Perceived Persuasiveness

(Hedonic Quality)

Persuasiveness was supported through text-based reasoning,

explainability, and the privacy policy. The systems which

rely on persuasive elements leveraged psychosocial theories in

the prompt through explicit instruction or retrieval augmented

generation. This had an impact on how much self-efficacy

or self-regulation was prioritized in the final recommendation.

The Agent had full autonomy to select the persuasive design

frameworks to utilize based on contextual factors such as the

environment and capabilities. Hedonic Quality was supported

through stream-based chat systems to avoid the potential of a

cold machine heuristic [16]

Transparent Objectivity Transparent objectivity was supported through factors related

to credibility, dependability, and protectability. In particular,

the trust in the system was also supported through being able

to view specific Agent tool calls and information from the

classifier models.

The unified framework outlined in Figure 8 consisted of conjoined components from FBM [10], PSD,

[11], SCT [12], COM-B [14], ComTech [1], and HAII-TIME [16]. Repeated constructs from each of the

models were joined together to create a more holistic framework. For example, motivation was defined as

using each of the related components from FBM (e.g., Abilities) [10], SCT (e.g., Self-Efficacy) [18], and

COM-B (e.g., Motivation) [14] whereas privacy preferences and user control were merged and defined using
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components from ComTech (e.g., Trustworthiness) [1] and HAII-TIME (e.g., Explainability, Affordances)

[16]. The synthesis was required as no existing frameworks to date have incorporated metrics such as user

experience, behaviour, and motivation into a unified model [1].

In conclusion, user experience, motivation, and ability must be sufficiently high to change behaviour. The

bidirectional arrow between motivation and ability demonstrates their interrelated dependence on each other.

Self-Regulation and Self-Efficacy must work together for the components to activate a behaviour.

3.1.3 Phase 3: Design & Development

The third phase consisted of identifying adequate datasets, models, vector stores, search tools, and evalu-

ation metrics to design and implement the recommender systems. For example, the pipeline to fit each of

the machine learning models was designed prior to the implementation phase in order to pre-process the

features through augmentation, imputation, one-hot encoding, scaling, and label encoding. Selection of the

features for the recommender system was guided by conducting a systematic literature review [28] to identify

common features and areas for future work.

The design and development of the user interface was guided by an iterative three-stage rapid prototyping

framework, originally proposed by Keyson and Parsons [20]. The framework, shown in Figure 9 was adapted

from Willige’s Three Stage Iterative Design Process [21] to work under limited time and resource constraints.

Task / Functional 
Analysis

Design Objectives

Stage 1
Initial UI Designs

Stage 2
Preliminary Evaluation

Stage 3
Final Evaluation

Focus on Users

Design Guidelines

Structured
Walkthrough

Rapid Prototyping

User Acceptance
Testing

User-defined
Interfaces

Rapid Prototyping

Operational Interface

Formal
Experimentation

Design
Recommendations

Field Testing / 
Experimentats

Rapid
Prototyping

Feedforward
Results

Figure 9: Keyson and Parson’s Adapted Iterative Design Process [20] Adapted from Willege’s Three Stage Iterative
Design Process [21]
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The first stage consisted of identifying the design requirements of the recommender systems such as the

features to make predictions. Additionally, tasks and functional requirements had to be considered to design

the manner in which the explainable and privacy-preserving components should be integrated and displayed

to the end user. The outputs of the first stage were a preliminary prototype that required user validation.

The second stage consisted of evaluating the preliminary prototype based on informal user acceptance

testing and using user interaction. User acceptance testing was informal as ethics clearance was not yet

obtained. A list of new changes were aggregated and considered to improve the user interface based on

feedback in the third stage.

Lastly, in the third stage, feedback was integrated into the user interface. The operational components

were also integrated into the widgets enabling a fully-functioning intervention. Formal experimentation was

carried out on users to identify further design recommendations and future needs. Iterative improvements

and evaluations were made until the final user interface was designed, implemented, and acceptable for

deployment in an experimental user study. Figure 10 shows the finalized user interfaces for the content-

based and context-aware recommender system, irrespective of their group.

(a) Content-based Recommender System (b) Context-Aware Recommender System

Figure 10: User interfaces for the support recommender systems

3.1.4 Phase 4: Demo

The fourth stage consisted of carrying out a user study that addressed the research questions outlined in

Chapter 1.3. The user study aimed to identify how elements of the intervention such as explainability,

trust, and threat to identity affected perceived user experience, perception, and adherence to fitness-based

recommender systems using qualitative and quantitative metrics.
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The experimental group leveraged clear and transparent privacy policies, open-source models, and in-

terpretable visualizations that demonstrated how the user’s information was used to generate the exercise

recommendations. Figures 11 and 12 show examples of the explainable metrics supported in the experimen-

tal content-based recommender system.

Text-based reasoning was used to explain why the recommendations were beneficial to perform based on

theoretical psychosocial frameworks grounded in the literature. Figures 13, 14, 15 and 16 show examples

of the persuasive text-based reasoning elements supported in the experimental content and context-aware

recommender systems fitness and diet plans, as generated by the large language model.

Figure 11: Relevance of Exercise Recommendations from the Experimental Content-Based Recommender System

Figure 12: Explainable Feature Relevance Plots from the Experimental Content-Based Recommender System
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Figure 13: Exercise Plan Generated by the Experimental Content-Based Recommender System

Figure 14: Persuasive Techniques to Increase Exercise Motivation in the Experimental Content-Based Recommender
System
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Figure 15: Exercise Plan Generated by the Experimental Context-Aware Recommender System

Figure 16: Diet Plan Generated by the Experimental Context-Aware Recommender System

The control group used the same classical machine learning models to make fitness-based recommenda-

tions, however, explainability was not implemented or considered. Figure 17 shows the contrasting output

for the control conditions content-based recommender system.

Figure 17: Relevance of Exercise Recommendations from the Control Content-Based Recommender System
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Figures 18 and 19 show examples of the fitness and diet plan recommendations supported by the con-

trol content and context-aware recommender systems which leverage no persuasive text-based reasoning

elements.

Figure 18: Exercise Plan Generated by the Control Context-Aware Recommender System

Figure 19: Diet Plan Generated by the Control Context-Aware Recommender System
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The privacy policy in the control group was clear, stating that closed-source models were used in some of

the recommender systems. As a result, their privacy was impacted by third parties privacy policies. Lastly,

there was no text-based reasoning to explain the beneficial nature of the recommended exercises.

To summarize, Table 9 outlines the comparisons and differences between each of the functionalities that

the four recommender systems support.

Table 9: Comparative Table of the Recommender Systems and Supported Features

Group System Privacy Explainability Persuasive Exercises Diet Plan
Control Content-Based ✓

Control Context-Aware ✓ ✓

Experimental Content-Based ✓ ✓ ✓ ✓

Experimental Context-Aware ✓ ✓ ✓ ✓ ✓

3.1.5 Phase 5: Evaluation

The fifth stage consisted of carrying out and interpreting the results from our computational and user study

to determine how effective the intervention was in reducing sedentary behaviour through robust and persua-

sive fitness recommendations. The computational study evaluated the effectiveness of recommender systems

based on the weighted averages of precision, recall, and F1-score. Furthermore, considerations of computa-

tional complexity (e.g., fitting and scoring time) were considered.

The user study employed a 2× 2 between-subjects study design resulting in four groups for assigning

participants into. The first independent variable assigned the group of a participant; control or experimental.

The control group provided recommendations in isolation whereas the experimental group also incorpo-

rated explainability, text-based reasoning, and psychosocial frameworks. The second independent variable

assigned the type of recommender system that the participant was exposed to; content-based, or context-

aware. The effectiveness of the interventions were based upon three dependent variables; perceived user

experience, motivation, and projected behaviour performance.

User experience was measured using seven levels derived from the adapted ComTech model [1]. The

levels under consideration included perceived trust (transparent objectivity), expertise, privacy, efficacy, util-

ity, usability, and persuasiveness (hedonic quality). Perceived motivation was measured by considering two

behavioural determinants; self-efficacy and self-regulation. Lastly, projected behaviour performance was

measured by considering self-reported weekly activity and post-intervention weekly activity goals in min-

utes.

This research design was chosen in order to evaluate qualitative and quantitative aspects of user expe-

rience whereas traditional recommender systems research have relied on mostly quantitative, computation-

based methodologies and outcome metrics [22, 28]. Furthermore, the study’s research objectives satisfied

criteria outlined by Greene et al. [2] for carrying out mixed methods research (See Table 10).

32



Table 10: Greene et al.’s Criteria for Conducting Mixed-Methods Research [2]

Criteria Requirement
Triangulation Requires the results of the study to converge, corroborate, and

correspond to two or more different methodologies.

Complementarity Requires the augmentation of results to elaborate, enhance, illus-

trate, and clarify study outcomes with relation to two or more

methodologies.

Development Requires the use of two or more methodologies to help inform a

study’s development such as sampling methods, implementation,

and qualitative or quantitative measures.

Initiation Requires new perspectives and the reformulation of research

questions from one methodology to another.

Expansion Requires the expansion of knowledge from a domain by using

different methodologies to address the research questions.

Quantitative factors were obtained through a questionnaire that used Likert scale measures from, “Strongly

Disagree” to, “Strongly Agree” and short open-ended responses with numerical validation to record partici-

pant demographics. Qualitative factors were obtained from short or long open-ended responses to measure

thoughts and perceptions about the usefulness of the recommender systems.

The study was conducted in an in-person controlled laboratory setting to reduce the likelihood of confu-

sion resulting from the questionnaire and intervention instructions. Furthermore, it was necessary to run the

study in-person to reduce the likelihood of security issues resulting from the use of API keys.

To this end, the hypotheses with respect to the research objectives were formulated as follows:

1. Explainability of Recommendations

• H1: Explainability of the system and fitness recommendations will positively affect user experi-

ence outcomes.

2. Psychosocial Theory-Driven Frameworks

• H2: The integration of theory-driven social science and psychology frameworks used to de-

sign the recommender systems will positively affect projected behaviour performance to reduce

sedentary lifestyles.

• H3: The integration of theory-driven social science and psychology frameworks used to de-

sign the recommender systems will positively affect perceived motivation to reduce sedentary

lifestyles.
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3. User Experience

• H4: User experience will positively affect projected behaviour performance to reduce sedentary

behaviour.

Recruitment of participants commenced on April 30, 2025 and continued until June 16, 2025 after ob-

taining ethics clearance from York University’s Institutional Review Board. Snowball [96] and self-selection

[97] sampling were used as both techniques offered cost-effective recruitment strategies for finding a large

sample of participants within a short period of time. Table 11 outlines the effectiveness of each recruitment

strategy resulting from the participants who attended the in-person study.

Table 11: Applied Recruitment Strategies: Snowballing and Self-Selection Sampling

Recruitment Strategy Count
Poster 40

E-mail 14

Word of Mouth 10

Reddit 4

Discord 4

LinkedIn 1

One-hundred and twenty-seven people filled in the pre-screening questionnaire to assess for study eligi-

bility. Participants were required to be between the ages of 18-30 years old, having no existing and/or prior

physical or cognitive disabilities. 54 participants were excluded from further participation due to failing to

meet the eligibility criteria or not responding to the follow-up study invite.

73 participants followed up and attended the in-person appointment. Completion of the study resulted in

a monetary compensation of $20.00 (CAD).

Prior to conducting the user study, ethics clearance was obtained from York University’s Human Par-

ticipants Review Committee (HPRC). Interested participants were required to fill in a pre-screening ques-

tionnaire which assessed for the presence of physical and cognitive impairments. Participants who met the

eligibility criteria of being aged 18-30 years old and having no existing physical and cognitive disabilities

were invited to take part in the user study.

As participants arrived at the laboratory, they were briefed on the study objectives and prompted to

carefully read the informed consent. The experiment began with the pre-intervention questionnaire followed

by usability testing and a post-intervention questionnaire. Demonstrations of how to use the recommender

system was not provided and assignments into a group and recommender system were handled by two

random number generators.

The recommender systems were compiled and run on a Razer Blade (Base 2020) laptop for the partici-

pants to interact with. Table 12 summarizes the hardware and software specifications of the live environment.
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Table 12: Razer Blade 2020 (Base): Hardware Specification of Laptop Used During Demo

Component Specification
Operating System Windows 11 Version 24H2 (x64)

Python Version 3.12.4

CPU Intel(R) Core(TM) i7-10750H

GPU NVIDIA GeForce RTX 3060

Storage 2 TB

System RAM 16 GB

Each session of the user study took between 30-45 minutes to complete. Participants were allowed to ask

the researcher for help while generating fitness recommendations if the input fields or exercise recommen-

dations were unclear. At the end of the study, participants were remunerated with $20.00 (CAD) in physical

cash.

Table 13 outlines each of the questionnaires and frameworks that were used to design the pre-screening

and study questionnaire. Firstly, question ordering among each section of the questionnaire was randomized

and half of the original statements were inverted to ensure that the participants were reading and answering

the prompts carefully. Secondly, the number of questions adapted from the frameworks was minimized in

order to reduce the likelihood of participant fatigue.

The Get Active Questionnaire [4] (Table A.2.1) was used to prescreen participants for risks related to

exercise safety and the presence of physical disabilities. Answering, “Yes” to any of the questions indicated

a moderate to high risk in performing exercises without the consultation of a health care provider.

The Cognitive Change Questionnaire (CCQ8) (Table A.2.2) [5] was used to prescreen participants for

mild cognitive impairments. Answering, “Yes” to any of the questions increased the internal scoring metric

by 1. A final score greater than or equal to 2 indicated the possibility of a cognitive impairment. A score

greater than or equal to 4 indicated the presence of Dementia.

The Physical Activity Enjoyment Scale (PACES-8) (Table A.3.1) questionnaire was used to assess pre-

liminary fitness motivation among participants prior to interacting with the intervention. It is a shortened

version of the original 18-item PACES questionnaire that was developed and comprehensively validated by

Kendzierski and DeCarlo [98] to measure psychometric constructs.

Similarly, the Privacy Attitudes Questionnaire (PAQ) [7] (Table A.3.2) was used to measure baseline

privacy perceptions and attitudes of personalized technological interventions. Of the 36 original questions,

only 9 were adapted to the study questionnaire as they had direct relevance to information and recommender

systems.
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After participants interacted with one of four possible recommender systems, the study questionnaire

leveraged prompts that were motivated by Oyibo’s ComTech Taxonomy [1] (Table A.3.3). In particular,

the HUED CUP framework was used to develop 15 questions that assessed user experience. Factors such

as perceived credibility, expertise, ease of use, benefit, and trustworthiness were used to develop the ques-

tions. The initial framework was adapted to meet the research objectives of this work, re-defining perceived

trustworthiness as requiring transparent objectivity and having no bias in the final fitness plan.

Self-efficacy was measured through the Self-Efficacy for Exercise Scale [8] (Table A.3.4). The 9-item

questionnaire which adapted its questions from McAuley’s et al.’s work [99] was integrated into the study

tool to assess the impact of barriers related to physical activity, self-efficacy, and sedentary behaviour. Fol-

lowing this, open-ended questions were included to determine why the participant made their choices relating

to self-efficacy prompts and exercise goal setting.

Self-regulation was evaluated through two questionnaires. Five questions were adapted and used in the

study tool from the Exercise Goal-Setting Scale (EGS) [9] (Table A.3.5) and the Exercise Planning and

Scheduling Scale (EPS) [9] (Table A.3.5). The questions were selected in order to measure self-regulation

with respect to multiple factors such as social support, self-efficacy, and outcome expectations. Similarly, an

open-ended question was included to determine the rationale behind the participant’s selections.

Lastly, demographics of the participants were captured at the end of the study. Gender, age, ethnicity,

weight, height, university major, and self-reported physical activity (in minutes) per week were recorded. It

was necessary to capture information relating to biomarkers and fitness levels in order to determine whether

the intervention had more or less success and benefit with respect to different groups of participants. The

consent form (Section A.1), pre-screening questionnaire (Section A.2), and study questionnaire (Section

A.3) are available in the appendix.

Table 13: Adapted Questionnaires Used to Evaluate the Fitness-Based Recommender Systems

Source Assessment Scale Reference
Get Active Questionnaire Physical Activity Safety Yes / No Petrella et al. [4]

Cognitive Change Questionnaire Cognitive Impairment Yes / No Damin et al. [5]

ComTech Taxonomy User Experience (UX) 1 - 5 Oyibo [1]

Exercise Goal-Setting Scale (EGS) Self-Regulation 1 - 5 Rovniak et al. [9]

Exercise Planning & Scheduling Scale

(EPS)

Self-Regulation 1 - 5 Rovniak et al. [9]

Privacy Attitudes Questionnaire (PAQ) Privacy 1 - 5 Chignell et al. [7]
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Table 13 (continued)

Source Assessment Scale Reference
Physical Activity Enjoyment Scale

(PACES-8)

Exercise Motivation 1 - 7 Mullen et al. [6]

Self-Efficacy for Exercise Scale (SEE) Self-Efficacy 1 - 7 Resnick and Jenkins [8]

Table 14 outlines the statistical analyses that were undertaken on participant data with respect to the re-

sources used to obtain the results. Quantitative analysis was used to measure reliability tests on the measured

constructs and to identify statistically significant differences and correlations between intervention groups

with respect to user experience, self-regulation, privacy attitudes, exercise motivation, and self-efficacy.

Qualitative analysis was used to identify significant differences between intervention groups with respect

to sentiment analysis of open-ended questions relating to self-efficacy, self-regulation, and user experience.

Sentiment classification was compared against the author’s coding and twitter-roberta-base-sentiment-latest

[100]. The Transformer model was used due to limited resources and time constraints.

Table 14: Software Used for Statistical Analysis

Software (Version) Analysis Assessments

Jasp Quantitative

Descriptive Statistics

Chi-Square Test

McDonald’s Omega

Spearman’s Rho

Post-Hoc Power Analysis

R (Ver 4.4.2) Quantitative Aligned Rank Transform ANOVA

Post-hoc Contrast Testing (ART-C)

Python (Version 3.13.3) Quantitative Cohen’s Kappa

twitter-roberta-base-sentiment-latest [100] Qualitative Sentiment Analysis Classification

3.1.6 Phase 6: Dissemination of Findings

The last stage consisted of effectively communicating and disseminating the obtained knowledge from this

thesis study. To this end, the results, key limitations, future work, and proposed interventions have been made

available through journal and conference publications (e.g., Toyonaga and Oyibo [28]), YouTube videos,

York University Dataverse, and York University Libraries (eTheses and Dissertations).
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3.2 Recommender Systems Development

This chapter outlines how each of the recommender systems were developed to support the generation of

personalized and tailored fitness recommendations.

3.2.1 Hardware

The computational experiments were conducted using Google Colaboratory; a cloud-hosted Jupyter Note-

book environment. Table 15 summarizes the hardware and software specifications of the free-tiered environ-

ment.

Table 15: Google Colaboratory: Hardware Specification

Component Specification
Enterprise Version Free

Operating System Ubuntu 18.0.4 LTS

Python Version 3.10.12

CPU Intel(R) Xeon(R) CPU (2.20 GHz)

GPU Tesla T4 (15GB VRam)

Storage 107.7 GB

System RAM 16 GB

3.2.2 Content-based Recommender System

Murarka’s gym exercise dataset [3] was used to train and evaluate the content-based recommender system.

It consists of 340 unique exercises, 617 rows of data, and 17 columns that comprehensively outline the target

muscle groups, required equipment, completion difficulty, and text-based descriptions of how to perform the

exercise. The dataset was curated by webscraping ExRx.net, a website tailored for fitness professionals and

coaches.

Eight columns were dropped from the dataset as they were either irrelevant to content-based features or

consisted of mostly null values. Table 16 outlines the features and label that were used to train the machine

learning model which supported the recommender system. Given the relevant features, the exercise name

column was used as the label for multi-class classification.
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Table 16: Murarka’s Gym Exercise Dataset [3]

Attribute Description
Exercise Name The recommended exercise (label), resulting from the features

that were passed to the model.

Equipment The required equipment, accessories, or resources required to per-

form the exercise.

Utility The importance of the exercise within the context of a fitness plan.

Utility can be basic, auxiliary, or plyometric.

Mechanics The type of joint movements required to complete the exercise.

Mechanics can be isolated, only requiring the movement of one

joint at a time, or compounded.

Force The direction of force that is exerted on a target muscle group.

Force directions can require that the muscle be pushed, pulled, or

both.

Main Muscle Describes the main muscle group that the exercise targets. It is

a higher-level categorical variable in comparison to the target or

secondary muscles. Examples include the forearm, upper arms,

or chest.

Target Muscles The primary muscle that is targeted and stressed during the exer-

cise.

Secondary Muscles The group of muscles that are exerted in addition to the target

muscle group during an exercise.

Difficulty A Likert scale rating assigning the labour and complexity re-

quired to complete the exercise. Values are interpreted on an or-

dinal scale from 1 representing beginner-friendly to 5 denoting

extremely challenging.

Seven machine learning models of varying complexity were selected as candidates to support the content-

based recommender system: Logistic Regression, Perceptron, Decision Tree, Random Forest, Gradient

Boosting Trees, Multilayer Perceptron, and XGBoost. Each model was trained and evaluated using weighted

precision, recall, and F1-score from sci-kit learn’s classification report to determine the best model. Cross-
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Validation could not be performed due to the small size of the dataset.

The complete training and evaluation pipeline is visualized in Figure 20. The training, testing, and vali-

dation sets were generated with a 60:20:20 ratio. Two pipelines for numerical and categorical features were

established to manage data pre-processing. In the numerical pipeline, missing values were replaced using

Univariate imputation [101] with a mean strategy. The data was subsequently scaled using z-score normal-

ization [101]. Following this, in the categorical pipeline, missing values were imputed using Univariate

imputation by considering the most-frequent item approach. One-hot encoding [101] was applied, ignoring

unknown categories.

Due to high class imbalance in the dataset, labels with a count less than 5 were removed to reduce noise

among the fitting and evaluation process. Additionally, data augmentation was applied using non-majority

Random Oversampling [102] on the training set as there was an insufficient number of data points. In each

split, the labels were stratified to reduce the likelihood of sampling errors and high variance. Figure B.1

shows the class balance after cleaning the data.

Murarka's
Gym Dataset

Drop Columns
(n=8)

Balance
Label(s)

Dataset Split
(60:20:20)

Training Split
(60%)

Random
Oversampling

Numerical
Features

Imputer
(Mean Strategy)

Imputer
(Most Frequent)

One-hot
Encoding

StandardScaler
(Univariate)

Classification Report
(Weighted Average)

Precision Recall F1-Score

Categorical 
Features

Testing
(20%)

Validation
(20%)

Figure 20: Content-based Filtering Recommender System: Training and Evaluation Pipeline
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3.2.3 Context-Aware Recommender System

A LangChain Zero Shot React Description Agent [103] was used to support the context-aware recommender

system. It leveraged state-of-the-art search tools and retrieval augmented generation (RAG) to curate person-

alized fitness plans. Given the user’s demographic and contextual features, the information was formatted

into a task-oriented prompt (See Figure C.1). The difference in prompts between the control and experi-

mental group are in how the “question” variable was integrated to support persuasive recommendations (See

Figure C.2 for the control question and Figure C.3 for the experimental question). Through the prompt, the

agent was able to reason about and generate a comprehensive fitness plan by considering possible actions-

state pairs and observations resulting from tool calling. The verbose setting of the agent was enabled to

follow its thought process and add explainability to the system.

Table 17 outlines the features that were requested to generate the prompts.

Table 17: Context-Aware Recommender System: Required Features

Attribute Description
Age The age of the user (in years).

Gender The gender of the user (Male, Female, Other).

Weight The weight of the user (in kilograms).

Height The height of the user (in meters).

Health Conditions A list of health conditions or dietary preferences to incorporate

into the fitness plan.

Social Preferences Whether the user prefers to perform exercises in a group activity

or by themselves.

City The city where the user is located.

Location of Activity Whether the user would like to perform their exercise at home, a

gym, or outdoors.

The agentic workflow that supports the control and experimental group of the context-aware recom-

mender system is shown in Figure 21. The dotted lines represent functionalities that are only supported in

the experimental group.
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Figure 21: Context-Aware Recommender System: Agent Workflow

The control group leveraged a closed-source OpenAI large language model whereas the experimental

group used an open-source instruction-tuned large language model with significantly less parameters. The

comparisons of each agent’s configuration is summarized in Table 18.

The vector store that was included in the experimental group only contained two documents (PDFs) by

Fogg [10] and Oinas-Kukkonen and Harjumaa [11]. As a result, the cues which added persuasiveness to

the recommendations were only supported by FBM and PSD. The default sentence-transformers/all-mpnet-

base-v2 model was used to embed the documents into a vector space for semantic similarity search during

run-time.

Both groups used LangChain’s self-correcting parsing capabilities in the event that an incorrect response

structure was generated by the large language model. This also prevented the agents from getting stuck in a

permanent thought loop where no existing action-state was properly called or considered. The selections for

model temperature was based on repeated trial-and-error until the model produced satisfactory recommen-

dations.
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Table 18: Agent Configuration

Agent Tools LLM Settings
mistralai/Mistral-Nemo-Instruct-2407

(Zero Shot React Description)

SERP API()

Wikipedia

VectoreStoreIndexCreator()

HuggingFaceEmbeddings()

Temperature (0.6)

max new tokens (4000)

gpt-4o

(OpenAI Multi Functions)

SERP API()

Wikipedia

Temperature (0.5)

max retries (5)

3.3 Explainability & User Experience

Explainability was implemented in the experimental group using two modalities; text-based reasoning and

data visualization. In the experimental group, the content-based recommender system leveraged a Random

Forest Classifier which was used to predict suitable fitness plans.

Firstly, text-based reasoning was supported through the presentation of the 5 top classification predictions

using sci-kit learn’s predict proba method. The method returned the top most likely labels with their prob-

abilities, given a set of features. The open-source large language model, mistralai/Mistral-Nemo-Instruct-

2407 was used to generate a persuasive rationale for adhering to the fitness plan by leveraging FBM [10].

FBM played a key role in having the large language model integrate the exercises into a weekly schedule.

The prompt to support the text-based reasoning is provided in Figure C.4.

Secondly, Chain-of-Thought prompting (CoT) was used in the experimental context-aware recommender

system to identify how the agent identified a relevant fitness plan. The verbose setting was enabled to allow

the user and developer to see how the agent thinks and calls tools at each step of the reasoning process.

Lastly, data visualization methods were only applied in the experimental content-based recommender

system. SHapley Additive exPlanations (SHAP) was used with a TreeExplainer to generate a bar plot that

visualized global feature relevance for each prediction. Similarly, Local Interpretable Model-Agnostic Ex-

planations (LIME) was used with a TabularExplainer to provide local feature relevance with respect to the

predicted labels.

In supporting text-based reasoning and explainability in the experimental group, users could see why

certain features were requested to make an exercise recommendation in addition to their contribution to the

predicted labels.

3.4 System Design

In this section, the high-level system design is briefly summarized. The user interface was implemented

using the open-source Python library, Streamlit. A multi-page structure was chosen to organize each of

the recommender systems into a vertically-aligned navigation bar. Each group had an introductory page

that defined open or closed-source terminology and the types of recommender systems followed by a general
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privacy statement (See Figure D.1 for a screenshot of the control group’s privacy policy and Figure D.2 for the

experimental group). Participants were then guided to the proper intervention to generate recommendations.

A spinner was used when generating recommendations with the classical machine learning model (Ran-

dom Forest) and agent to communicate that the task was being processed in real-time. The time to produce

a comprehensive recommendation or explanation ranged from 20 to 60 seconds due to the complexity of the

prompts and search strategies of the agent. Lastly, the final response was incrementally streamed to the user

in markdown format to minimize the chance of inadvertently creating a negative machine heuristic [16].

Model parameters were all set to verbose mode in addition to logging messages at each step of the

recommendation pipeline to add explainability to the system. This process also helped to identify bugs and

bottlenecks in the pipeline (See Figure D.3 for an example).
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4 Results

This chapter outlines the computational and user study results arising from the methodology outlined in

Chapter 3. Each of the dependent variables in Table 19 are comprehensively analyzed using statistical

analyses to determine whether the null hypotheses in Chapter 3.1.5 hold or not.

Table 19: Summary of Dependent Variables Studied from the User Study

Type Measure
Motivation Pre / Post

Privacy Preferences Pre

User Experience Post

Projected Behaviour Performance Post

4.1 User Study

4.1.1 Demographic Information

There was gender parity among the participants with 52.05% (38/73) being male and 47.95% (35/73)

female. The most frequent age range among both males and females was 20-22 years (43.84% 32/73) (See

Table E.1).

Male participants had an average weight of 81.43 kilograms, height of 1.77 meters, and BMI of 25.77 kg/m2.

Furthermore, male participants self-reported engaging in an average of 225.79 minutes of moderate to rigor-

ous physical activity per week. According to physical activity guidelines published by the US Department of

Health and Human Services in 2018 [104, 105], 34.2% (13/38) of males were classified as being sedentary,

engaging in less than 150 minutes of weekly moderate to rigorous physical activity.

Female participants had an average weight of 63.13 kilograms, height of 1.62 meters, and BMI of

23.92 kg/m2. Following this, they engaged in an average of 263.14 minutes of moderate to rigorous weekly

physical activity. 20% (7/35) of females were classified as being sedentary as well based on the previously

aforementioned physical activity guidelines [104].

A majority of the participants identified as being ethnically South Asian (31.5%, 23/73) followed by

White / Caucasian (15.1%, 11/73) and Non-White West Asian (10.9%, 8/73). There was little or no

Japanese (0%, 0/73), Arab (1.4%, 1/73), Korean (1.4%, 1/73), or Filipino (2.7%, 2/73) representation

(See Table E.2 for more information).

The participants were shown to be highly educated with most pursuing or having completed an Under-

graduate (76.7% ,56/73) or Master’s (17.8%, 13/73) degree (See Table E.3 for more information). Few

participants came from a Vocational College (2.7%, 2/73) or PhD Program (2.7%, 2/73). Computer Sci-

ence (26.0%, 19/73), Neuroscience (13.7%, 10/73), Computer Engineering (8.2%, 6/73), and Kinesiology

(6.8%, 5/73) were among the most common majors of study, highlighting high technological and STEM-

based proficiency.
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Lastly, Table 20 summarizes the statistics of participants that were randomly assigned into conditions of

the study based on gender, system type, and group with respect to their lifestyle classification. It can be seen

that the number of physically active participants within certain conditions may skew the results.

Table 20: Distribution of Participants by Gender and Physical Activity Classification into Groups and Systems

Lifestyle

Gender System Group Active Sedentary Total

Male Context Control 8 2 10

Experimental 6 2 8

Total 14 4 18

Content Control 8 3 11

Experimental 3 6 9

Total 11 9 20

Total Control 16 5 21

Experimental 9 8 17

Total 25 13 38

Female Context Control 7 2 9

Experimental 6 2 8

Total 13 4 17

Content Control 4 1 5

Experimental 11 2 13

Total 15 3 18

Total Control 11 3 14

Experimental 17 4 21

Total 28 7 35

Total Context Control 15 4 19

Experimental 12 4 16

Total 27 8 35

Content Control 12 4 16

Experimental 14 8 22

Total 26 12 38

Total Control 27 8 35

Experimental 26 12 38

Total 53 20 73
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4.1.2 Pre-Intervention Motivation

The grand mean for pre-intervention exercise motivation was 5.589 (SD = 0.801) after reverse-coding the

7-point Likert scales negatively phrased items. The control (M = 5.627, SD = 0.717) and experimental (M =

5.555, SD = 0.879) groups had similar motivation averages irrespective of the type of recommender system

as shown in Figure 22. Internal consistency for the scale was assessed using McDonald’s Omega which

demonstrated good reliability for exercise enjoyment (ω = 0.790).

A 2 (Gender)×2 (Group)× 2 (System) between-subjects Aligned Rank Transform ANOVA (see Table

21) demonstrated that there were no significant interaction effects among the independent variables.
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Figure 22: Mean exercise motivation scores among the study groups and recommender systems. Error bars represent
±1 SD

Table 21: Aligned Rank Transform ANOVA Results based on Pre-Intervention Motivation

Df Df.res F-value p-value
Gender 1 65 0.05 p > 0.1

Group 1 65 0.01 p > 0.1

System 1 65 0.27 p > 0.1

Gender:Group 1 65 0.92 p > 0.1

Gender:System 1 65 0.65 p > 0.1

Group:System 1 65 1.44 p > 0.1

Gender:Group:System 1 65 2.98 p > 0.05
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A numerical but non-significant difference was observed between gender, group, and system factors (See

Figure 23). A follow-up pairwise contrast test identified a significant (p < 0.05) and marginal (p = 0.06)

effect, as seen in Table 22. Altogether, the results indicated that randomizing participants into the study

group and recommender system type using two random number generators worked effectively.
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Figure 23: Mean exercise motivation scores among the Gender×Group× System interactions. Error bars represent
±1 SD

Table 22: Pairwise Contrast Test for Gender ×Group× System from Table 21. Contrasts with p ≥ 0.1 have been
filtered out for brevity.

Contrast Estimate SE df t-ratio p-value
Male,Experimental,Content - Male,Experimental,Context -22.46 10.32 65 -2.17 p < 0.05

Male,Control,Content - Male,Experimental,Content 18.24 9.55 65 1.91 p > 0.05

Female,Experimental,Content - Male,Experimental,Content 15.95 9.21 65 1.73 p > 0.05

4.1.3 Pre-Intervention Privacy Preferences

The grand mean for privacy attitudes was 3.287 (SD = 0.381) after reverse-coding the 5-point Likert scales

negatively phrased items. This indicated that participants were moderately privacy-conscious when using

health-based recommender systems. The control (M = 3.304, SD = 0.338) and experimental (M = 3.271, SD

= 0.421) groups had very similar privacy attitudes irrespective of the type of recommender system or gender

differentiation (See Figures 24 and 25). Internal consistency for the scale was assessed using McDonald’s

Omega which demonstrated poor reliability for privacy attitudes (ω = 0.334).

48



Assessing for an interaction effect through a 2 (Gender)× 2 (Group)× 2 (System) between-subjects

Aligned Rank Transform ANOVA yielded no significant effects, as seen in Table 23.

Table 23: Aligned Rank Transform ANOVA Results based on Pre-Intervention Privacy Attitudes

Df Df.res F-value p-value
Gender 1 65 0.38 p > 0.1

Group 1 65 0.11 p > 0.1

System 1 65 2.58 p > 0.1

Gender:Group 1 65 0.29 p > 0.1

Gender:System 1 65 1.02 p > 0.1

Group:System 1 65 0.45 p > 0.1

Gender:Group:System 1 65 3.27 p > 0.05

There was a numerical but non-significant difference based on the gender, group, and system factors as

seen in Figure 25. Pairwise contrast tests revealed two significant interactions (p < 0.05) and two marginal

effects (p ≤ 0.054) as seen in Table 24.
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Figure 24: Mean privacy attitude scores among the study groups and recommender systems. Error bars represent
±1 SD
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Figure 25: Mean privacy attitude scores among the Gender×Group×System interactions. Error bars represent ±1 SD

Table 24: Pairwise Contrast Test for Gender ×Group× System from Table 23. Contrasts with p ≥ 0.1 have been
filtered out for brevity.

Contrast Estimate SE df t-ratio p-value
Male,Experimental,Content - Male,Experimental,Context -22.41 10.22 65 -2.19 p < 0.05

Female,Experimental,Context - Male,Experimental,Context -21.44 10.51 65 -2.04 p < 0.05

Female,Control,Content - Male,Experimental,Context -23.69 11.99 65 -1.98 p > 0.05

Female,Experimental,Content - Male,Experimental,Context -18.53 9.44 65 -1.96 p > 0.05

4.1.4 User Experience

The grand mean for user experience was 3.660 (SD = 0.883) after reverse-coding the 5-point Likert scales

negatively phrased items which was calculated by averaging each of the adapted HUED-CUP frameworks

constructs from the study questionnaire. This indicated that the interventions were user-friendly and persua-

sive, surpassing neutral baselines (3), as seen in Figure 26. Internal consistency for the scale was assessed

using McDonald’s Omega which demonstrated good reliability for perceived user experience (ω = 0.840).

The individual constructs could not meaningfully be measured as they each consisted of 2-3 responses.
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Figure 26: Mean User Experience scores among the study groups and recommender systems. Error bars represent
±1 SD

The experimental group (M = 3.751, SD = 0.849) performed the best followed by the control group

(M = 3.561, SD = 0.909), however, there was no significant group effect. Furthermore, it can be seen that

the context-aware recommender system was better perceived compared to the content-based recommender

system across groups.
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Figure 27: Mean User Experience scores among the Gender ×Group× System interactions. Error bars represent
±1 SD
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A 2 (Gender)× 2 (Group)× 2 (System)× 7 (UX .Factor) mixed-methods Aligned Rank Transform

ANOVA (See Table 25) demonstrated that there were two significant interaction effects with relation to

the type of afforded user experience (UX.Level) (p < 0.001) and how it affects the system (p < 0.01).

Following this, there was a numerical but non-significant gender effect (p ≤ 0.07).

Table 25: Aligned Rank Transform ANOVA Results based on Perceived User Experience

Df Df.res F-value p-value
Gender 3.46 1 65 p > 0.05

Group 2.21 1 65 p > 0.1

System 0.60 1 65 p > 0.1

UX.Factor 8.18 6 390 p < 0.001

Gender:Group 0.34 1 65 p > 0.1

Gender:System 1.86 1 65 p > 0.1

Group:System 0.13 1 65 p > 0.1

Gender:UX.Factor 0.57 6 390 p > 0.1

Group:UX.Factor 0.16 6 390 p > 0.1

System:UX.Factor 3.32 6 390 p < 0.01

Gender:Group:System 0.52 1 65 p > 0.1

Gender:Group:UX.Factor 0.66 6 390 p > 0.1

Gender:System:UX.Factor 1.61 6 390 p > 0.1

Group:System:UX.Factor 0.63 6 390 p > 0.1

Gender:Group:System:UX.Factor 0.52 6 390 p > 0.1

Figure 28 visualizes the differences in impact that each type of user experience factor (UX.Level) con-

tributed to the overall perceived user experience afforded by the recommender systems. Usability (M =

4.151, SD = 0.799) played the largest role in a positive user experience followed by privacy (M = 3.774,

SD = 0.842) and expertise (M = 3.644, SD = 0.709). Pairwise contrast testing validated the significant

differences between usability and privacy as demonstrated in Table 26.
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Figure 28: Mean User Experience scores based on the varying ComTech Factors. Error bars represent ±1 SD

Table 26: Pairwise Contrast Test for the User Experience Factor from Table 25. Contrasts with p ≥ 0.1 have been
filtered out for brevity.

Contrast Estimate SE df t-ratio p-value
Efficacy - Usability -131.77 21.44 390 -6.15 p < 0.001

Trust - Usability -111.06 21.44 390 -5.18 p < 0.001

Persuasiveness - Usability -108.36 21.44 390 -5.05 p < 0.001

Usability - Utility 105.82 21.44 390 4.94 p < 0.001

Expertise - Usability -98.43 21.44 390 -4.59 p < 0.001

Privacy - Usability -71.64 21.44 390 -3.34 p < 0.001

Efficacy - Privacy -60.13 21.44 390 -2.80 p < 0.05

Privacy - Trust 39.42 21.44 390 1.84 p > 0.05

Persuasiveness - Privacy -36.72 21.44 390 -1.71 p > 0.05

Figure 29 visualizes how the user experience factors differ based on the type of system. Figure 30 also

shows how user experience differs across different subgroups based on the gender, group, system type, and

afforded user experience factor. In both cases, the general trends are consistent.

Pairwise contrast testing provided in Table 27 again confirmed that usability and privacy were signifi-

cantly greater in the context-aware condition rather than the content-based recommender system.

53



0

1

2

3

4

5

Content Context

System

U
X

S
c
o

re
UX.Factor

Efficacy

Expertise

Persuasiveness

Privacy

Trust

Usability

Utility
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Table 27: Pairwise Contrast Test for System×UX .Factor from Table 25. Contrasts with p ≥ 0.1 have been filtered out
for brevity.

Contrast Estimate SE df t-ratio p-value
Context,Usability - Context,Utility 198.21 29.40 390.00 6.74 p < 0.001

Context,Efficacy - Context,Usability -195.49 29.40 390.00 -6.65 p < 0.001

Context,Persuasiveness - Context,Usability -189.31 29.40 390.00 -6.44 p < 0.001

Content,Efficacy - Context,Usability -206.94 35.65 290.64 -5.80 p < 0.001

Context,Trust - Context,Usability -168.52 29.40 390.00 -5.73 p < 0.001

Context,Expertise - Context,Usability -160.43 29.40 390.00 -5.46 p < 0.001

Content,Trust - Context,Usability -185.75 35.65 290.64 -5.21 p < 0.001

Content,Expertise - Context,Usability -176.42 35.65 290.64 -4.95 p < 0.001

Content,Privacy - Context,Usability -166.51 35.65 290.64 -4.67 p < 0.001

Content,Persuasiveness - Context,Usability -166.42 35.65 290.64 -4.67 p < 0.001

Content,Utility - Context,Usability -159.47 35.65 290.64 -4.47 p < 0.001

Content,Usability - Context,Usability -137.94 35.65 290.64 -3.87 p < 0.001

Context,Privacy - Context,Usability -110.54 29.40 390.00 -3.76 p < 0.001

Context,Privacy - Context,Utility 87.67 29.40 390.00 2.98 p < 0.05

Context,Efficacy - Context,Privacy -84.96 29.40 390.00 -2.89 p < 0.05

Content,Efficacy - Context,Privacy -96.40 35.65 290.64 -2.70 p < 0.05

Context,Persuasiveness - Context,Privacy -78.77 29.40 390.00 -2.68 p < 0.05

Content,Efficacy - Content,Usability -68.99 29.96 390.00 -2.30 p < 0.05

Content,Trust - Context,Privacy -75.21 35.65 290.64 -2.11 p < 0.05

Context,Privacy - Context,Trust 57.98 29.40 390.00 1.97 p < 0.05

Content,Expertise - Context,Privacy -65.88 35.65 290.64 -1.85 p > 0.05

Context,Expertise - Context,Privacy -49.89 29.40 390.00 -1.70 p > 0.05

Content,Usability - Context,Utility 60.26 35.65 290.64 1.69 p > 0.05

Altogether, the results indicate that while usability and privacy were important to designing an effective

recommender system, the numerical differences were not enough to create a significant difference between

the experimental and control group. Careful consideration is required to understand how to best select and

apply persuasive design techniques to fitness-based recommender systems.

4.1.5 Perceived Post-Intervention Motivation

The grand mean for post-intervention exercise motivation was 0.546 (SD = 0.188) after taking the normalized

[106] averages of self-efficacy resulting from a 7-point Likert scale and self-regulation from two 5-point

Likert scales. There was no reverse-coding associated with any of the items. Internal consistency for the

scales was assessed using McDonald’s Omega for self-efficacy (ω = 0.767) and self-regulation (ω = 0.656)

indicating reasonable reliability. Figure 31 shows the post-intervention exercise motivation scores across

each group and type of system. While the control (M = 0.55, SD = 0.206) and experimental (M = 0.540, SD
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= 0.172) groups had similar means, the experimental context-aware recommender system (M = 0.583, SD

= 0.151) performed the best followed by the control conditions content-based (M = 0.573, SD = 0.186) and

context-aware systems (M = 0.533, SD = 0.222). The experimental content-based system (M = 509, SD =

0.181) performed the worst.
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Figure 31: Mean Post-Intervention Exercise Motivation scores among the study groups and recommender systems.
Error bars represent ±1 SD

When taking gender into account between the groups and system types, Figure 32 shows small but subtle

variances. Males had higher post-intervention exercise motivation scores in the control group compared to

the experimental group. Similarly, females had marginally higher exercise scores in the experimental group

compared to the control group.
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Figure 32: Mean Post-Intervention Exercise Motivation scores based on the Gender×Group× System interactions.
Error bars represent ±1 SD
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A 2 (Gender)× 2 (Group)× 2 (System)× 2 (Motivation.Factor) mixed-methods Aligned Rank Trans-

form ANOVA (See Table 28) demonstrated a significant interaction effect (p < 0.001) between motiva-

tion factors. There were also two numerical but non-significant differences between the group and system

(p > 0.05) and gender, group, and motivation factors (p > 0.05).

Table 28: Aligned Rank Transform ANOVA Results based on Perceived Post-Intervention Exercise Motivation

Df Df.res F-value p-value
Gender 0.05 1 65 p > 0.1

Group 0.12 1 65 p > 0.1

System 0.42 1 65 p > 0.1

Motivation.Factor 68.23 1 65 p < 0.001

Gender:Group 0.84 1 65 p > 0.1

Gender:System 0.06 1 65 p > 0.1

Group:System 3.18 1 65 p > 0.05

Gender:Motivation.Factor 0.64 1 65 p > 0.1

Group:Motivation.Factor 1.87 1 65 p > 0.1

System:Motivation.Factor 0.15 1 65 p > 0.1

Gender:Group:System 0.32 1 65 p > 0.1

Gender:Group:Motivation.Factor 2.90 1 65 p > 0.05

Gender:System:Motivation.Factor 0.41 1 65 p > 0.1

Group:System:Motivation.Factor 0.01 1 65 p > 0.1

Gender:Group:System:Motivation.Factor 1.36 1 65 p > 0.1

Pairwise contrast testing on the motivation factor identified a significant relationship between self-efficacy

and self-regulation (p < 0.001). A positive correlation between the two constructs was further validated

through a Spearman’s Rho test (ρ = 0.385, p < 0.001); as self-regulation increases, so does self-efficacy.

Following this, another pairwise contrast test on the gender, group, and motivation factor variables un-

covered findings in Table 29. The significant effects were caused due to the larger values of self-regulation

compared to self-efficacy across all groups and gender conditions, however, there were no results which im-

plied that by themselves, self-efficacy or self-regulation were significantly different across gender or groups.
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Table 29: Pairwise Contrast Test for Gender×Group×Motivation.Factor from Table 28. Contrasts with p ≥ 0.1 have
been filtered out for brevity. Abbreviations: SE Self-efficacy, SR Self-regulation

Contrast Estimate SE df t-ratio p-value
Female,Control,SE - Female,Control,SR -63.87 11.73 65.00 -5.45 p < 0.001

Female,Control,SE - Male,Control,SR -56.71 13.61 111.99 -4.17 p < 0.001

Male,Control,SE - Male,Control,SR -36.75 9.18 65.00 -4.00 p < 0.001

Female,Control,SE - Female,Experimental,SR -52.55 13.76 111.99 -3.82 p < 0.001

Male,Experimental,SE - Male,Experimental,SR -38.38 10.21 65.00 -3.76 p < 0.001

Female,Control,SR - Male,Experimental,SE 51.73 14.21 111.99 3.64 p < 0.001

Female,Experimental,SE - Female,Experimental,SR -35.11 9.45 65.00 -3.72 p < 0.001

Female,Control,SE - Male,Experimental,SR -50.52 14.21 111.99 -3.56 p < 0.001

Male,Control,SR - Male,Experimental,SE 44.57 12.55 111.99 3.55 p < 0.001

Female,Control,SR - Female,Experimental,SE 46.42 13.76 111.99 3.37 p < 0.01

Female,Experimental,SE - Male,Control,SR -39.26 12.04 111.99 -3.26 p < 0.01

Female,Control,SR - Male,Control,SE 43.91 13.61 111.99 3.23 p < 0.01

Female,Experimental,SR - Male,Experimental,SE 40.42 12.71 111.99 3.18 p < 0.01

Female,Experimental,SR - Male,Control,SE 32.59 12.04 111.99 2.71 p < 0.01

Female,Experimental,SE - Male,Experimental,SR -33.07 12.71 111.99 -2.60 p < 0.05

Male,Control,SE - Male,Experimental,SR -30.56 12.55 111.99 -2.43 p < 0.05

In conclusion, the lack of a meaningful significant effect may have been due small group sizes or too little

emphasis on the motivational factors that contributed to the experimental groups fitness recommendations

during the system design phase. Pairwise contrast testing on the group and system revealed no significant

results (p < 0.05).

4.1.6 Open-Ended Comments (Self-Efficacy)

Participants were asked to write about their exercise self-efficacy and provide justifications for their current

behaviour. The author performed sentiment analysis with Roberta Base Sentiment [100]. Initial coding

resulted in a Cohen Kappa score of 0.44 (67.0%), indicating moderate agreement [107]. After revising the

discrepancies between labeling, a majority of the comments were classified as being neutral (64.4%, 47/73)

followed by an equal amount of positive (17.8%, 13/73) and negative (17.8%, 13/73) sentiments.

A Chi-Square test was undertaken to evaluate the relationship between the gender, group, and system

variables with respect to sentiment counts. Table 30 shows that there were no significant interactions (p <

0.05), meaning that sentiment distributions did not largely differ between each of the groupings.
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Table 30: Chi-Square Test Results for Gender, Group, and System Variables Based on Sentiment Counts of Open-
Ended Self-Efficacy Responses

Variable Value df p-value

Gender
χ2 0.67 2 p > 0.1

N 73

Group
χ2 1.69 2 p > 0.1

N 73

System
χ2 0.67 2 p > 0.1

N 73

Thematic coding was undertaken to analyze positive and negative trends that affected exercise self-

efficacy. The findings are summarized in Table 31 (Barriers) and 32 (Enablers).

Table 31: Thematic Coding: Sample Barriers to Self-Efficacy Questions

Theme ID Comment
Injury S63 “When it comes to physical discomfort, I tend to skip physical

exercise in general because I don’t want to make that discom-
fort worse, however if it’s something that’s cognitive, such as an

emotion I’m feeling, I tend to push through otherwise.”

Weather S62 “In general I am not very consistent when it comes to working

out. However, once I do start I can usually go to the gym 3-4

times a week. But I am also lazy and if the weather is gloomy or
I’m feeling extra lazy then I will exercise less or just do it the
next day [...]”

Mood S20 “Sometimes, my exercise routine depends on my mood. Even with
an exercise routine, I may not follow through on it if it doesn’t
account for how I’m feeling.”

Time Management S19 “[...] instead, if I have some deadlines coming, I will feel some
things stay in my mind and have less determination or motiva-
tion to do exercise.”
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Table 31 (continued)

Theme ID Comment
Explicit Instruction S17 “I would like everything planned out, otherwise I would quit re-

ally fast. I started many exercises and I quit them because I didn’t

plan out the exercise very well and I feel they are too complicated

to continue.”

Variety (Boredom) S23 “I hate exercise for exercise sake. I want to do a task and show

off my progress to my friends. If it is repetitive, boring, or I come
up with a fun task to do, I will switch tasks because I cant stay
focused on going nowhere on repeat [...]”

Menstrual Cycle S73 “I am emotion driven, and my body works on a monthly cycle,
so not every day or every week will be the same.”

Difficulty S66 “More repetitive exercises or really hard exercise will either
make me give up or come back for modification.”

Table 32: Thematic Coding: Enablers on Open-Ended Exercise Self-Efficacy Questions

Theme ID Comment
Consistency S44 “Consistency is the key in doing exercises and maintaining fit-

ness. Exercise helps me to drift away and relax a bit. Aside from

that it helps me create structure in my day, week, and life.”

Motivation S65 “I work better when someone pushes or motivates me. It is es-

pecially important for someone like me who lives alone [...]”

Progress Tracking S14 “The most important thing is progress. If I see it, I’ll continue.”

Enjoyment S61 “During the winter semester, even though I took 6 classes at once,

I still made time to workout (weightlifting) at least 3 times a day,

even though I was frequently tired, stressed out and really busy.

I enjoy weightlifting and it helps calm me which gives me an
incentive to do it even if I am busy. [...]”

The results demonstrate that there are many more barriers to address when trying to increase exercise

motivation compared to enablers. In attempting to increase exercise motivation, both factors must thought-

fully be considered simultaneously. Overall, the identified findings and thematic codes are consistent with

related work [108, 109].
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4.1.7 Open-Ended Comments (Self-Regulation)

Following the open-ended questions about self-efficacy, participants were asked to write about how self-

regulation affected their current exercise motivation and behaviour. Initial sentiment coding alongside

Roberta Base Sentiment [100] resulted in a Cohen Kappa score of 0.61 (79.0%), indicating substantial agree-

ment [107]. Reviewing and correcting the discrepancies between the labels resulted in a majority of neutral

comments (58.9%, 43/73) followed by positive (34.25%, 25/73) and negative (6.85%, 5/73) sentiments.

A Chi-Square test was undertaken to evaluate the relationship between the gender, group, and system

variables with respect to sentiment counts. Table 33 shows that there were no significant interactions (p <

0.05), meaning that sentiment distributions did not largely differ between each of the groupings.

Table 33: Chi-Square Test Results for Gender, Group, and System Variables Based on Sentiment Counts of Open-
Ended Self-Regulation Responses

Variable Value df p-value

Gender
χ2 1.10 2 p > 0.1

N 73

Group
χ2 1.58 2 p > 0.1

N 73

System
χ2 0.14 2 p > 0.1

N 73

Thematic coding was undertaken to identify common strategies to self-regulate adequate levels of physi-

cal activity into a weekly schedule. The finalized results are summarized in Table 34.

Table 34: Thematic Coding: Strategies for Self-Regulating Exercise Adoption

Theme Example (ID) Comment
Progress Tracking S03 “I have a list of various exercises in a routine style basis. Setting

goals and clear steps help to track progress and accomplish set
goals. However, as it is personal journey, I don’t feel he need to

boast about goals or progress to others.”

Motivation S08 “[...] I am very goal and numbers driven. If I see my strength go
up, this is motivating, if I see my body start to look better, this is
motivating, if I feel more mobile and agile, this is motivating, if
I am better at a sport I do, this is motivating [...]”

Socializing S14 “I think being in touch with others is the key ingredient for me.
Gym buddies and what not.”
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Table 34 (continued)

Theme Example (ID) Comment

Spontaneity S19 “I prefer not to have predefined or fixed schedule or plan for
exercise. Instead, I prefer a flexible plan that I will try to accom-

plish.”

Explicit Instruction S23 “I need schedules and steps to get things done but I struggle to
remember to use them.”

Goal-Setting S49 “I do not give up until I achieve my goal. Exercise and being fit

is one of these goals.”

Consistency S70 “My answers came from personal reflection as well as previous
experiences I have had planning my workouts and achieving
fitness or performance goals. My biggest struggle is the amount

of additional activities I have on a weekly basis, such as attending

university full time, having 2 part time jobs, being married, etc,

which leave me with little to no room for free time to use in my

workouts.”

In assessing the results, it is evident that self-efficacy and self-regulation are closely aligned with each

other. Many strategies to regulate exercise stemmed from using enabling self-efficacy themes highlighted in

Table 32.

4.1.8 Projected Post-Intervention Behaviour Performance

Prior to assessing the results, two participants data were removed from analyses as their self-reported physi-

cal activity per week or new personal goal (in minutes) were outliers (> 600).

The grand mean for exercise score (projected post-intervention behaviour performance) was 224.93 min-

utes of physical activity per week (SD = 127.352). The control group reported slightly higher exercise scores

(M = 237.754, SD = 135.915) compared to the experimental group (M = 217.733, SD = 119.400). Figure 33

shows the exercise scores across each group and type of system.

The control groups context-aware system performed best (M = 261.554, SD = 150.080) followed by its

experimental counterpart (M = 258.750, SD = 120.423) and the control groups content-based system (M =

199.453, SD = 110.588). Lastly, the experimental content-based system was the worst at positively impacting

projected behaviour performance (M = 199.453, SD = 110.588).
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Figure 33: Mean Post-Intervention Exercise scores among the study groups and recommender systems. Error bars
represent ±1 SD

Taking gender into consideration on the group and system type as seen in Figure 34 also revealed similar

trends. Regardless of the gender or group, the context-aware system was able to consistently generate higher

levels of positive projected behaviour performance.
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Figure 34: Mean Post-Intervention Exercise scores based on the Gender ×Group× System interactions. Error bars
represent ±1 SD
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A 2 (Gender)× 2 (Group)× 2 (System)× 2 (Intervention) mixed-methods Aligned Rank Transform

ANOVA (See Table 35) revealed two significant interaction effects (p < 0.01) based on the system, gender,

group, and intervention factors.

Pairwise contrast testing on the system type confirmed significant differences between the effectiveness

of the context-aware and content-based recommender systems (p < 0.01). The context-aware system was

significantly better at positively impacting projected post-intervention behaviour performance compared to

the content-based system.

Additionally, pairwise contrast testing on the gender and group combinations revealed significant (p <

0.05) differences reported in Table 36. Firstly, males in the control group reported significantly higher

projected behaviour performance scores compared to the experimental group. Following this, females in the

experimental group also reported significantly higher projected behaviour performance scores compared to

males in the experimental group.

Table 35: Aligned Rank Transform ANOVA Results based on Projected Post-Intervention Behaviour Performance
Assessment

Df Df.res F-value p-value
Gender 0.10 1 64.59 p > 0.1

Group 0.11 1 64.60 p > 0.1

System 7.06 1 64.60 p < 0.01

Intervention 0.61 1 63.53 p > 0.1

Gender:Group 6.96 1 64.60 p < 0.05

Gender:System 0.84 1 64.60 p > 0.1

Group:System 0.33 1 64.59 p > 0.1

Gender:Intervention 1.60 1 63.54 p > 0.1

Group:Intervention 0.75 1 63.55 p > 0.1

System:Intervention 0.24 1 63.52 p > 0.1

Gender:Group:System 0.26 1 64.60 p > 0.1

Gender:Group:Intervention 0.01 1 63.55 p > 0.1

Gender:System:Intervention 0.03 1 63.54 p > 0.1

Group:System:Intervention 0.86 1 63.54 p > 0.1

Gender:Group:System:Intervention 2.65 1 63.53 p > 0.1

Table 36: Pairwise Contrast Test for Gender×Group from Table 35. Contrasts with p ≥ 0.1 have been filtered out for
brevity.

Contrast Estimate SE df t-ratio p-value
Male,Control - Male,Experimental 26.04 12.01 64.77 2.17 p < 0.05

Female,Experimental - Male,Experimental 25.76 12.15 64.51 2.12 p < 0.05
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4.1.9 Findings

4.1.10 Explainability (H1)

Analysis revealed that adding explainable metrics and visualizations to the recommender system improved

user experience compared to the control group, however, the group effect was not statistically significant.

As a result, H1 had to be rejected. It may be worth investigating different types of explainable user interface

modalities (e.g., Rule-based Reasoning [110]) as participant feedback suggested that the SHAP and LIME

graphs were too confusing to interpret without explicit elaboration (See Chapter 4.1.4). Feedback from a

participant (S71) who used the experimental content-based system also substantiated the theory that SHAP

and LIME graphs are insufficient at adding explainability to the system in isolation as demonstrated by their

feedback, “[...] In terms of communication, I don’t think that users need to know about how their inputs

affected the generation of their results. This is more for the engineers and software engineers that would

care. It detracts from the message to a layperson.”

4.1.11 Psychosocial Frameworks (H2, H3)

Firstly, analysis revealed that the application of psychosocial theory-driven frameworks used to design the ex-

perimental groups recommender systems did not have a significant effect on projected post-intervention be-

haviour performance. The control group had marginally higher exercise scores compared to the experimental

group. As a result, H2 had to be rejected. Pairwise contrast tests on the significant gender and group com-

binations revealed how females in the experimental group reported significantly higher projected behaviour

performance scores compared to males. Additionally, pairwise contrast testing on the non-significant gen-

der, group, and motivation factors combinations only revealed a difference in higher levels of self-regulation

compared to self-efficacy across all groups and genders.

Following this, a similar analysis revealed that the application of psychosocial frameworks used to design

the experimental groups recommender systems did not have a significant effect on post-intervention exercise

motivation. The control and experimental groups had nearly identical averages in motivation scores. As a

result, H3 had to be rejected. A Spearman’s Rho test based on exercise motivation and projected behaviour

performance demonstrated a significant positive correlation which also helps to explain the non-significant

group effects (ρ = 0.353, p < 0.001).

4.1.12 User Experience (H4)

Analysis revealed that increased user experience through the adoption of explainable and persuasive design

elements in the experimental groups recommender system design did not significantly effect projected post-

intervention behaviour performance. The control and experimental groups had nearly identical averages.

A correlation analysis using Spearman’s Rho to determine positive relationships between user experience

and post-intervention exercise motivation yielded non-significant results (ρ= 0.126, p> 0.1). A similar cor-

relation analysis was also revealed no relationship between user experience and projected post-intervention

behaviour performance (ρ = 0.035, p > 0.1). Altogether, the results indicate that that H4 had to be rejected.
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4.2 Computational Results

4.2.1 Content-based Recommender System

Table 37 shows the results of the seven evaluated machine learning models on Murarka’s Gym Exercise

Dataset [3] using a 60% training, 20% testing, and 20% validation split with weighted F1-score as the

evaluation metric. Table 38 outlines the performance of each model on the testing set using sci-kit learn’s

classification report with weighted averages. Precision, Recall, and F1-score were used as the evaluation

metrics.

Overall, it can be seen that each of the models may be overfitting to the training data. While the models

generally performed equally across the evaluations, the Decision Tree had a slight advantage whereas the

Perceptron performed the worst. The variance in fitting time between the models could be explained due to

more complex models requiring further computations for their learning methods (e.g., backpropagation) or

having to deal with high cardinality resulting from one-hot encoding.

Table 37: Weighted F1-Score on Training, Testing, and Validation Splits for the Content-Based Recommender System

Machine Learning Model Training Set Testing Set Validation Set
Random Forest 0.89 0.63 0.60

Decision Tree 0.89 0.69 0.62

Logistic Regression 0.87 0.66 0.59

Gradient Boosting Trees 0.88 0.66 0.59

Multilayer Perceptron 0.88 0.64 0.63

Perceptron 0.77 0.59 0.49

XGBoost 0.88 0.65 0.59

Table 38: Classification Report Results on Testing Split for the Content-Based Recommender System

Machine Learning Model Precision Recall F1-Score Fitting Time
Random Forest 0.62 0.65 0.63 < 1 sec

Decision Tree 0.69 0.69 0.60 < 1 sec

Logistic Regression 0.59 0.62 0.60 1 sec

Gradient Boosting Trees 0.65 0.67 0.67 7 secs

Multilayer Perceptron 0.68 0.68 0.68 1 sec

Perceptron 0.57 0.64 0.59 < 1 sec

XGBoost 0.64 0.66 0.65 < 1 sec
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5 Discussion

This study demonstrates that context-aware recommender systems offer better performance to the content-

based alternative in all measures of the dependent variables.

Using the content-based recommender system required explicit domain knowledge of muscle groups and

gym equipment whereas the context-aware condition leveraged very intuitive and well-known features such

as age, gender, weight, and height. From the open-ended feedback, many participants explicitly requested

visual aids or filtering options for the content-based system to select target and secondary muscles. Table 39

outlines direct feedback from participants to support the differences in usability between the content-based

and context-aware systems that may have significantly impacted perceived user experience.

Table 39: Subset of Open-ended feedback on the usability of the recommender system(s)

ID Group System Comment Feedback
S06 Experimental Content-based “I like how it was orga-

nized into telling me why the

recommendation helps, how

I should incorporate it into

my schedule, and what my

schedule should be. How-
ever, parts of the choices
were tricky to understand,
especially for a non-athlete
like me, but luckily the exper-

iment conductor was good at

explaining whatever details I

might not have known yet.”

“Try to add explanations

about various terms since

not everyone may be familiar

with them and there won’t al-

ways be a person to explain

them.”

S11 Control Content-based “The anatomical terms for
the body parts confused
me as someone who doesnt
know anatomy that well. I

feel as if a diagram and a

corresponding muscle group

something visual would

help.”

“With each muscle group,

give examples of sports or

daily tasks that would benefit

from that muscle group being

exercised.”
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Table 39 (continued)

ID Group System Comment Feedback
S26 Experimental Context-Aware “I liked the simple-to-use in-

terface with clear instruc-
tions that detailed all the re-
quired information as well
as how it would be used to
generate recommendations.
What worked well was the di-

rect use of my personal in-

formation to give me sub-

jective recommendations that

suit me. I liked the brief

overview and rationale that

was given based on my infor-

mation before moving on to

the actual recommendations.

I also liked how the recom-

mender system provided rec-

ommendations for not only

exercises, but food and diet

options, and ways to hold

myself accountable when im-

plementing the recommenda-

tions.”

“I think the fitness-based rec-

ommender system could be

improved by considering the

user’s current exercise habits

and exercise goals. Know-

ing current exercise habits

(e.g. how frequently the

user exercises every week,

how long they typically ex-

ercise for) as well as their

goals (e.g. whether they want

to gain muscle, lose fat or

improve their cardiovascular

health) would help to gen-

erate recommendations that

are more tailored to their

current lifestyle and future

goals.”
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Table 39 (continued)

ID Group System Comment Feedback
S04 Experimental Context-Aware “It was simple to use and to

read. So I think for a begin-
ner it would be helpful and
easy to use. Personally, I am

someone who likes numbers

and concrete examples. It

would have been nice if they

broke down the numbers of

macros to eat each day. Rec-

ommended exercises with the

number of sets and reps to do.

How many exercises to do in

a day. The recommendations

were helpful but just broad.”

“I think that the sugges-

tions are great for what they

address with sedentary be-

haviour. The recommen-

dations are very small and

easy changes that people can

make in their lives. I think

that having some more con-

crete numbers would be help-

ful as people can see what

numbers they should aim for.

However, I understand that

this may be triggering to

some people so it is a fine

line.”

When considering gender differences, the same trends were also observed in Figure 27, however, females

tended to show a slight preference for the control groups content-based system instead of the experimental

alternative (Figure 27). This could likely be due to the biased participant demographics as explained in Chap-

ter 4.1.1. Participants with existing fitness plans may have not needed the comprehensive explanations and

persuasive strategies afforded by the experimental group. For example, a participant (S43) in the experimen-

tal group expressed their dislike of persuasive elements embedded in the fitness plan: “[...] Finally, I noticed

that the recommendations were separated in different categories (hope, pleasure, etc.). Maybe there could
be a question in the beginning to know what advice they would prefer to have, so that the information
given is not overwhelming/useless.”

Lastly, the explainability graphs may have caused confusion among non-technical users as expressed

by a participant (S71) who provided the following feedback about the experimental groups content-based

recommender system: “The straightforward recommendations were great, however the data and graphs
seem confusing for someone with limited knowledge of the subject.”

Following this, it is likely that the context-aware system lead to higher post-intervention motivation due to

its superior usability and comprehensiveness. Table 40 contains samples of direct feedback from participants

about their experiences with the context-aware recommender systems. The provided examples demonstrate

that the experimental system may have had higher levels of exercise motivation due to the persuasive design

strategies that focused on and emphasized user’s ability (self-efficacy). This was not emphasized in the

control group.
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Table 40: Subset of Open-ended feedback on the Context-Aware Recommender System (Separated by Study Group)

ID Group System Comment Feedback
S12 Control Context-Aware “It recommended a lot of good

exercises that I do incorporate

into my gym sessions. The only

issue I found was that it did give
a lot of generic answers while I
played around with it.”

“It would help if some answers

weren’t so generic. I believe

a better tailored answer would
have been more impactful.”

S16 Control Context-Aware “Well, I liked the section wise

answer. It recommended about

exercises and diet separately. It

uses very easy language and

concise suggestions. That’s

what I like about it. I would like
if it could be a bit more specific
actually and give me some more
aspects.”

“I think it would be nice to get

some more effective data from

the users to better explain the

situation. I think there is a field

actually where you can put any

kind of problems like food al-

lergies or something like that,

but still I think you can break it

down a little bit or do something

separately. also, like previously

diagnosed problems and current

medications.”

S61 Control Context-Aware “It was very simple to use. It

asked for very little data and

gave a plethora of results. How-

ever, sometimes it felt like it gave

me the same recommendations

regardless of my weight. Even

providing a low weight it asked

me to restrict my calories, when

it should be asking for a calo-

rie surplus. I do like that you

can restrict the location of exer-

cises (indoors vs outdoors) since

many people have different cir-

cumstances.”

“I wished it tailored your rou-
tine based on your fitness goals,
since mine is all about strength
and size, whereas others might
want to be losing fat.”
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Table 40 (continued)

ID Group System Comment Feedback
S38 Experimental Context-Aware “I liked how it gave me other

tips like how to stay motivated.
The suggested food was not

elaborate cooking.”

“An option to adjust goals like

target calories a day and then

get suggestions on the idea and

a tailored meal would be great.”

S65 Experimental Context-Aware “The thing that stood out to me

is that this system would be very

beneficial as we will get every

diet and excercise related info in

1 website.”

“Okay, so first when I put my in-

formation, it gave me good out-

puts. When I played around
with it, the system gave me 1
motivational line that every step
counts and that’s a thing that
will push me so I would say
whenever some one ask this sys-
tem for recommendations, give
some motivation to that person
too.”

The differences in self-efficacy and self-regulation between males and females is to be expected as gender

differences are observed in the magnitude and types of intrinsic and extrinsic exercise motivation [105, 111].

Additionally, the positive correlation between self-efficacy and self-regulation is consistent with previous

work which suggests how self-regulatory behaviours influence adherence to exercise plans by affecting self-

efficacy [112, 113, 114, 115]. For example, a previous study suggests that teaching people how to change

their behaviour first will increase their self-efficacy over time which also positively affects adherence to the

new behaviour [113].

Lastly, it can be explained that the context-aware recommender systems offered the highest levels of

projected post-intervention behaviour performance because of the positive correlation identified with post-

intervention motivation through a Spearman’s Rho test (ρ = 0.353, p < 0.001). Usability, which is corre-

lated with higher levels of exercise goals, adoption, and adherence [116, 117] may have positively impacted

projected behaviour performance as well. For example, higher levels of system complexity may negatively

affect technological adoption rates resulting in lower exercise scores for the content-based system [117].

Males in the control group reported significantly higher projected behaviour performance scores com-

pared to the experimental group. The difference may be partly explained by the higher levels of post-

intervention self-regulation afforded by the control systems (See Figure 32). Females in the experimental

group also reported higher exercise scores through increased self-efficacy compared to males, indicating that

persuasive design may have been more effective based on the type of gender. These findings are consis-

tent with previous work which explores the gender-based effectiveness of persuasive design for health-based

interventions [118].
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While the results may not have indicated a significant group effect between recommender systems that

leverage theory-driven frameworks from ad hoc design, the small but positive effect sizes reported from this

study are consistent with other studies [28, 119]. The findings with privacy being a significant and positive

construct for user experience was consistent with prior work that also leveraged the HAII-TIME model [74].

Altogether, the results point to promising future work which could investigate other psychosocial frameworks

and techniques to make fitness recommender systems more personalized and tailored to a users’ end goals

and priorities.
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6 Limitations and Future Work

In this section, the limitations of the study and system design are discussed and summarized from the re-

searchers’ and participants’ perspectives.

6.1 Limitations in the Study Design

Firstly, the user study leveraged purposive (snowball [96]) and convenience (self-selection [97]) sampling

to recruit as many participants as possible within a short period of time (May 12, 2025 - June 16, 2025).

A post-hoc power analysis revealed that the findings of this Thesis were only capable of achieving a 55.8%

probability for which ART ANOVA tests may correctly detect a significant effect based on the gender distri-

butions with α,β = 0.05. Altogether, the findings from the study design should be interpreted with caution.

After evaluating the participant demographics (See Chapter 4.1.1), it became clear that self-selection bias

[120] may have impacted the study findings and generalizability. The percentage of participants who self-

reported engaging in the recommended guidelines for weekly physical activity was 72.6% (53/73). This

was much higher than what has been seen in related work for similar demographics; mainly, college students

(40− 50%) [116, 119]. The biasing of physically active participants may have also been caused by self-

reporting bias to appear more socially desirable [121], however, the findings may still provide rich insights

into the behavioural patterns of physically active participants. Future work can aim to address self-selection

bias by using internal and external validation such as laboratory measures [121]. Additionally, future studies

could broaden the eligibility requirements to include those with physical disabilities which represents an

understudied study population [119].

Secondly, due to time constraints, the study design was selected to be cross-sectional over longitudinal.

Perceptual measures on the dependent variables had to be selected since participants would not have access

to the fitness-based recommender systems outside of the laboratory setting. Future work could consider the

use of longitudinal studies as they will have stronger causal inferences, validity, and confidence intervals,

while also reducing common method variance [122].

Thirdly, the effects of age, ethnicity, and level of education on the independent and dependent variables

could not be studied due to small group sizes as seen in Appendix E.1. In general, a post-hoc power anal-

ysis based on the splits between gender and system type identified a low probability (≤ 50%) of correctly

detecting a significant effect for α = 0.05. Due to the small groups, there was no meaningful way to col-

lapse subgroups to obtain distinguishable results that generalize appropriately to other study populations of

interest.

Fourthly, the study design only accounted for a small subset of psychosocial theories and frameworks

which could impact exercise motivation and positive projected behaviour performance based on particu-

lar demographics such as gender and socio-economic status. Intrinsic and extrinsic motivation should be

explicitly considered in future work as there are validated differences among males and females [116]. Dy-

namic frameworks and tools such as the Stages of Change Model [123], the Health Belief Model [124],

or Motivational Interviewing [124] should be studied and integrated into future work, extending the study

findings by considering different stages of exercise adoption and preparedness through validated cognitive
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and behavioural processes (e.g., Consciousness Raising, Counterconditioning) [119, 124].

Lastly, the ordering of questions regarding current exercise behaviour without the recommender system

and projected post-intervention behaviour performance with the recommender system may have introduced

confounding effects during data collection in the questionnaire.

In spite of the limitations resulting from the study design, the results provide insights into how persuasive

design affects the attitudes of active young adults in further improving their physical health. Given the small

power size and small but positive outcomes, the results of this work are consistent in reliability and power

with existing work. A larger number of participants is required to identify results that can be confidently

stated.

6.2 Limitations in System Design

Firstly, the system design only supported two types of recommender systems; content-based and context-

aware. While we did prepare a collaborative-filtering recommender system for evaluation, it could not be

tested due to difficulty recruiting a sufficient number of participants. Future work should investigate the effec-

tiveness of hybrid recommender systems as they are becoming more ubiquitous across various domains [74].

The use of multiple features that are both content-based, demographic, and context-aware could allow for

better personalized and persuasive fitness plans which positively impact projected behaviour performance.

Secondly, the machine learning models used to support the content-based recommender systems were

limited in complexity due to the availability of large and robust fitness datasets. A comprehensive search

through open-access repositories such as Kaggle and Mendeley revealed little to no fitness-based recom-

mendation datasets with the necessary features, quality, or quantity. Even after a relevant dataset was found

and underwent filtering, imputation, scaling, and random oversampling to reduce noise [125], the model

still showed signs of overfitting. Nevertheless, the results may still be of interest, especially for developing

countries to design or implement fitness interventions where compute resources are heavily restricted by the

digital divide [126].

Thirdly, the selection of a large language model used to support the personalized generation of fitness

plans was restricted by access to sufficiently available hardware. Due to low video random access memory

(VRAM), state-of-the-art models with reasoning capabilities such as Nemotron-4 340B [127] could not be

used in the system pipelines. Nevertheless, the results may still be useful in countries where access to high-

end compute is infeasible. Future work could look into testing different sizes of large language models

on fitness recommendation tasks while also establishing empirical benchmarks on validated open-source

datasets.

Lastly, the system only evaluated the use of a Zero Shot React Description Agent in the context-aware

recommender system under deterministic parameters (e.g., Temperature). Testing different temperature val-

ues could yield better results that balance creativity with consistent high-quality fitness plans. Future work

can investigate the effectiveness of other agents such as Conversational React, which have already been used

in healthcare settings [128] to support multi-turn chat dialogues. Additionally, future work can aim to quan-

titatively assess the effectiveness of implicit versus explicit personalization on fitness-based recommender

systems [128].
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6.3 Limitations Reported by Participants

At the end of the study, participants were asked to provide open-ended feedback about how the recommender

system could be improved in future iterations. The first author classified the sentiment classifications inde-

pendently as the length and structure of the feedback deviated significantly from the dataset which was used

to train Roberta Base Sentiment [100]. A majority of the comments were neutral (95.9%, 70/73), followed

by negative (2.8%, 2/72) and positive (1.4%, 1/72). A Chi-Square test was undertaken to evaluate the re-

lationship between the gender, group, and system variables with respect to sentiment counts. No significant

effects (p < 0.05) were observed. Tables 41 and 42 summarize the key findings by theme and suggestions

for improving the content-based and context-aware recommender systems.

Table 41: Identified Themes from Open-Ended Participant Feedback for Future Improvements to the Content-Based
Recommender System

Theme Improvements ID Comment
Usability Allow users to select specific

muscle groups and gym equip-

ment by leveraging pictures or

diagrams.

S63 “I think that it could maybe in-
clude a photo with labels of all
the muscle groups for people
that might not know the names
of all the muscle groups as well

as where they are located [...]”

Feature Augmentation Allow users to generate a fitness

plan based on factors such as

availability during the week, di-

etary preferences, current fitness

level, and existing health issues

and medications.

S39 “I would have it first gather

data about the individuals start-

ing point in their fitness journey

and gather information about
their bodies to know what they
are and are not capable to per-
form when starting. I also think

there should be a way to track

progress and have the recom-

mender adjust and update”

Safety Alignment Provide explicit step-by-step in-

structions on how to perform

the recommended exercises with

proper form. Add general safety

recommendations to maximize

exercise gains.

S69 “[...] safety recommendations
would be valuable so that users
can know how to perform the
exercise safely and properly
with good form in order to reap

the most benefit.”
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Table 41 (continued)

Theme Improvements ID Comment
Functionality Allow users to select multiple

muscle groups and gym equip-

ment instead of one at a time to

reduce the number of runs on the

application.

S56 “I think that it would be best to

be able to input multiple options
as opposed to just one for each
preference. If i were assem-

bling an ”Upper Body Day”, I

don’t have that ability, rather

just focusing on individual mus-

cle groups. Or if I have specific

equipment or machines at my lo-

cal gym, I can input those in a

list, and have the recommender

use that data to output possible

exercises that I can perform with

my given list of equipment.”

Data Augmentation Augment the dataset used to

train the recommender system.

Include sports, daily chores, and

stretches into the set of recom-

mendations (labels).

S11 “[...] give examples of sports
or daily tasks that would bene-

fit from that muscle group being

exercised.”

Table 42: Identified Themes from Open-Ended Participant Feedback for Future Improvements to the Context-Aware
Recommender System

Theme Improvements ID Comment
Feature Augmentation Allow users to select their goal

and input existing habits such as

calorie intake per day, availabil-

ity, mood, and culture.

S55 “I would suggest adding more

questionnaires beyond age and

height, such as hours spent at
work/school, or lifestyle, rou-
tine, mental health etc. to
cater to each individual’s spe-
cific needs when it comes to

taking care of their physical

health.”
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Table 42 (continued)

Theme Improvements ID Comment
Broad Recommendations Final fitness plans should in-

clude concrete numbers such as

the number of sets and reps

to perform. The explanations

should address muscle activation

as well.

S04 “I think that the suggestions are

great for what they accomplish

with sedentary behaviours as the

recommendations are very small

easy changes that people can

make in their lives. I think
that having some more concrete
numbers would be helpful as
people can see what numbers
they should aim for. However, I

understand that this may be trig-

gering to some people so it is a

fine line.”

Functionality Add conversational and multi-

modal support; include pictures

or videos of active and seden-

tary lifestyles. Allow the user

to continually adapt the plan.

Use tables rather than relying

on text-based paragraph sugges-

tions. Lastly, empirical claims

about weight loss or gain should

be substantiated with citations.

S66 “Rather then writing a long

paragraph, maybe create a

weekly time-table. Allow users

to ask questions on the given

response for more clarification.

Allow user to write their current

schedule so the new schedule
could be build upon it with
slow progression rather than
providing a totally unfamiliar
workout routine.”

The findings are largely consistent with results obtained in Chapter 4.1.4. Irrespective of the group

and type of recommender system, there is a need for feature augmentation and multimodal support to en-

hance user experience and the personalization of fitness plans. The sparsity of high-quality datasets with

relevant features is consistent with the cold-start problem; a well-documented limitation associated with rec-

ommender systems in various domains [74]. Future work could investigate the effectiveness of applying

feature and data augmentation on existing datasets by using large language models [127], social signals [53],

or healthcare experts [54].
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6.4 Implications

Upon analyzing the open-ended participant responses about self-regulation, their reflections were complex,

relying on certain techniques with fundamental gaps in domain knowledge. A participant (S51) wrote, “I

am very goal orientated but I usually set more long term goals and don’t really know how to effectively
break them up into weekly goals. Additionally I am not the type of person to share my progress unless I

have reached a significant milestone.” In trying to increase exercise self-regulation, the open-ended feedback

demonstrated that being able to break a goal into discrete step-by-step actions is integral. Having a schedule

without the knowledge of how to properly integrate it won’t result in increased physical activity, even if one

has a high level of motivation going into their fitness journey [119]. The findings and themes are relatively

consistent with previous work which identifies self-regulation as being mostly intrinsic and interpersonal in

influencing long-term exercise motivation, self-efficacy, and adoption [129, 130, 113, 114, 115]. With these

results, designers and evaluators of fitness-based recommender systems can start developing interventions

which place more support on executive functioning skills that build and foster long-term motivation rather

than only relying on self-efficacy to drive projected behaviour performance.

Additionally, there are implications for future user interface design. The findings demonstrate that text-

based reasoning organized in headers and bullet point lists may not be optimal in effectively conveying

the information. Open-ended feedback demonstrated the desire from participants (S43) to control visible

headers and also organize fitness and dietary plans into tables. This would help the user quickly find key

areas of interest while filtering out the unnecessary suggestions. There is a need to explore the effectiveness

of communicating fitness informations to users based on their domain expertise and exercise preparedness.

Lastly, multimodal support through diagrams, pictures, and videos to identify and safely operate muscle

groups and exercise equipment could be provided through the application of multi-agent systems [131] to

support improved user experience and safety-alignment in fitness-based recommender systems. The recom-

mender systems that were used in this work only used a single React Agent which may have lead to the

associated feedback provided by participants. While the original prompts used to support the LangChain

Agent could be improved, LangGraph [132] should still be explored in the implementation of a revised

recommender system. Figure 35 provides an example workflow to address the limitations addressed by par-

ticipants resulting from broad explanations with a desire for proper safety alignment and adequate features.

The workflow could also be adapted to support a conversational agent which addresses the functionality

requirements in Tables 41 and 42.
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Figure 35: Proposed High-Level Multi-Agent System for Generating Personalized Fitness Plans. Nodes Represent
Individual Agents and Edges Represent Communication Between Different Actors/Critics.

Investigating tools and frameworks which keep compute resources and costs low can assist in the de-

velopment of sustainable and accessible health campaigns which aim to teach people about the harms and

preventative measures of sedentary behaviour and obesity. Prior work has been undertaken to investigate this

research, however, the certainty of evidence remains low to moderate [72, 59].
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7 Conclusion

This thesis investigates how explainability, theory-driven psychosocial frameworks, and user experience

can be leveraged into the design and evaluation of fitness-based recommender systems. A comprehensive

literature review was undertaken (Chapter 2) and user feedback (Chapters 6.3) was analyzed to provide an

overview of current trends, limitations, and areas for future work that researchers and practitioners can use

to further personalize fitness interventions.

The results from our experimental user study demonstrated that participants characterized positive user

experience with fitness-based recommender systems being more usable and privacy-preserving in contrast

with other constructs from the HUED-CUP framework. The context-aware recommender systems, regardless

of group, performed the best on all measures of the dependent variables. Higher perceived usability may have

been associated with the context-aware condition due to its ability to also provide a diet plan, whereas the

content-based recommender system only produced exercise plans.

The experimental context-aware recommender system had the highest post-intervention exercise moti-

vation scores. Females in the experimental condition showed higher levels of self-efficacy compared to

the control, however, the differences were numerical and not statistically-significant. The reverse held true

for males. The control group reported higher levels of post-intervention projected behaviour performance

compared to the experimental group. Females in the experimental group reported significantly higher pro-

jected behaviour performance scores compared to males in the same group. Males in the control group also

reported significant higher projected behaviour performance scores compared to males in the experimental

group. These results may be due to the high number of already physically active participants who volunteered

to take part in the study which possibly skewed the findings under certain conditions.

Altogether, the results demonstrate that explainability, psychosocial frameworks, and user experience

factors that were used to design the fitness-based recommender systems are perceived differently among

males and females. Females were shown to benefit from the application of explainability and psychosocial

frameworks whereas it made no significant difference for males in terms of motivation or projected behaviour

performance.

User feedback identified that a personalized fitness-based recommender system must be able to consider

injuries, weather, emotional state, and availability into the curation of a weekly plan. Furthermore, the plan

must provide explicit instructions for routine integration and exercise completion. Variety of exercises and

difficulty must be well-aligned based on levels of self-efficacy and fitness levels / goals. Lastly, the persons

health conditions such as menstrual cycle for females needs to be considered.

This work contributes to the field by presenting results from an experimental user study which assesses

the effectiveness of context-aware and content-based recommender systems that implement varying levels of

explainability and projected behaviour performance techniques. Furthermore, gender-based differences are

reported and participant feedback is obtained and summarized for future work. In particular, this work in-

vestigates how personal, cognitive, social, and environmental factors affect fitness motivation and behaviour,

which has shown to be understudied from existing literature [119, 28]. Addressing exercise motivation is

necessary to positively affecting projected behaviour performance as shown by the reported correlations from

this study.
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Appendices

A User Study (Instruments)

A.1 Consent Form

Evaluation of Fitness-Based Recommender System: Pre-Screening Questionnaire

Researchers

Kiemute Oyibo (PI), Lassonde School of Engineering, 4751 Keele Street (LRC 122),

kiemute.oyibo@yorku.ca

Shogo Toyonaga (MSc Student), Lassonde School of Engineering, 4751 Keele Street (LRC 122),

stoyonag@yorku.ca

Purpose of the Research

The objective of this study is to determine the perceptual effectiveness of fitness-based recommender

systems. We seek to identify whether the use of theoretical frameworks grounded in social science and

psychology in addition to explainability can help increase exercise adoption in young adults.

Please note that participation is not a requirement of the course and as such, it will not affect your

grade or relationship with the course instructor and teaching staff in any way. Furthermore, students

who are known to the researchers (Shogo Toyonaga, Kiemute Oyibo) through a prior relationship (e.g.,

student-teacher) will be ineligible to participate in the study to reduce subject bias.

What You Will Be Asked to Do in the Research

This is an in-person study and as such, you will be required to visit the Lassonde Research Center.

Participants will be asked to start filling out a questionnaire prior to interacting with the fitness-based

recommender system. This will measure baseline metrics about the participants motivation and privacy

preferences. Following this, the participant will interact with the recommender system for 10-15

minutes, generating personalized fitness activities from each of the supported routes.

Given information about the participants’ personal preferences and demographics, relevant exercises

such as running, jogging, bench press, etc., will be provided. Participants will fill in the remaining part

of the preliminary survey which gathers their thoughts about the effectiveness of the recommendations

through user experience metrics (e.g., relevance, diversity). All participants who enroll in the study

will receive $20.00 (CAD).

You will not be asked to engage in any of the recommended fitness activities or plans. You should

speak to a Health Physician first prior to engaging in new exercises to ensure your physical safety.

Risks and Discomforts

We do not foresee any risks or discomfort from your participation in the research.
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Benefits of the Research and Benefits to You

Participants may benefit from the research by obtaining likeable and relevant exercise recommen-

dations that can be incorporated into their daily schedules. Furthermore, the scholarly community

may receive benefits from this research in the form of (1) facilitating University programs related to

fostering healthy behaviours (e.g., exercise, diet) at a very low cost, (2) extending machine learning

research from a sociotechnical perspective, and (3) determining whether classical machine learning

and generative AI can overcome the one-size fits-all approach.

Voluntary Participation and Withdrawal

Your participation in the study is completely voluntary and you may choose to stop participating at any

time. Your decision not to volunteer, to stop participating, or to refuse to answer particular questions

will not influence (1) the treatment you may be receiving, (2) the nature of the ongoing relationship

you may have with the researchers or study staff, and (3) the nature of your relationship with York

University either now, or in the future.

If you stop participating, you will still be eligible to receive the $20.00 (CAD) for agreeing to be in

the project, even if you withdraw without completion of the research. In the event you withdraw from

the study, all associated data collected will be immediately destroyed wherever possible.

Confidentiality

Unless you choose otherwise all the information you supply during the research will be held in confi-

dence. Additionally, unless you specifically indicate your consent, your name will not appear in any

report or publication of the research.

Your data will only be collected through questionnaires. Your data will be safely stored on a secure

Google Drive and encrypted hard drive during the study. Only research staff/research team members

will have access to this information. Confidentiality will be fully provided possible by law.

The data collected in this research project may be used – in an anonymized form - by members of the

research team in subsequent research investigations exploring similar lines of inquiry. Such projects

will still undergo ethics review by the HPRC, our institutional REB. Any secondary use of anonymized

data by the research team will be treated with the same degree of confidentiality and anonymity as in

the original research project.

Please note that at the end of the study, the anonymized data may be deposited into one or more

publicly accessible scientific repositories, such as York University Dataverse, so that data may be

inspected and analyzed by other researchers. The data that will be shared on York University Dataverse

(Borealis) will not contain any information that can identify you. It will be held under a CC BY-NC

4.0 open license.

Please note that the survey(s) are being conducted with the help of Google Forms, a company not

affiliated with York University and with its own privacy and security policies that you can find at
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https://policies.google.com/. There is always a risk during web-based transmission that data can be in-

tercepted by a third party (e.g., government agencies, hackers) and thus the confidentiality and privacy

cannot be guaranteed.

Questions About the Research?

If you have questions about the research in general or about your role in the study, please feel free to

contact Kiemute Oyibo by e-mail (kiemute.oyibo@yorku.ca). You may also reach out to the Electrical

Engineering and Computer Science (EECS) Graduate program by telephone at (416)-650-8215, or by

email (gpa@eecs.yorku.ca).

This research has received ethics review and approval (#e2025-062) by the Human Participants Re-

view Sub-Committee, York University’s Ethics Review Board and conforms to the standards of the

Canadian Tri-Council Research Ethics guidelines. If you have any questions about this process, or

about your rights as a participant in the study, please contact the Manager, Research Ethics in the

Office of Research Ethics, York University (e-mail ore@yorku.ca). This office oversees the ethical

conduct of research studies and is not part of the study team. Everything that you discuss will be kept

confidential.

A.2 Pre-screening Questionnaire

Evaluation of Fitness-Based Recommender System: Pre-Screening Questionnaire

1. Are you currently between the ages of 18-30 years old?

◦ Yes

◦ No

2. Have you experienced any of the following symptoms or diagnoses within the last year?

Table A.2.1: Get Active Questionnaire [4]

Prompt Please select all that apply
A diagnosis or treatment for a condition (e.g., cardiovascular/pulmi-

nary/skeletal) which would affect your ability to be physically active

□

Shortness of breath while resting □

Concussions □

Frequent Fainting / Loss of Consciousness □

None of the Above (Not Applicable) □
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3. Have you noticed a change in difficulty within the last year due to medical (cognitive) issues when

participating in the following actions? Please select all that apply.

Table A.2.2: Cognitive Change Questionnaire [5]

Prompt Yes No N/A
Learning how to use unknown tools, appliances, or gadgets ◦ ◦ ◦

Consistently forgetting the month, day, or year ◦ ◦ ◦

Remembering to independently take medication(s) ◦ ◦ ◦

Keeping up-to-date with important information such as the news ◦ ◦ ◦

Getting lost while going for walks or social outings ◦ ◦ ◦

Thank you for filling out our pre-screening questionnaire.

If you are eligible for participation, we will reach out to you shortly to schedule an in-person appoint-

ment. If you have any other questions, please reach out to stoyonag@yorku.ca

A.3 Study Questionnaire

Evaluation of Fitness-Based Recommender System: Pre-Screening Questionnaire

1. I consent to participate in this study conducted by Kiemute Oyibo. I have understood the nature of this

project and wish to participate. I am not waiving any of my legal rights by signing this form.

◦ Yes

◦ No

2. I understand that my de-identified data will be placed into an open research data repository

◦ Yes

◦ No

3. Do you consent to the use of quotations in any final reports / publications of the research? They will

be used to understand the persuasiveness of the generated exercises.

◦ Yes

◦ No
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4. Please indicate your level of agreement to each of the following statements, given the following rating

scale: 1 (Strongly Disagree) - 7 (Strongly Agree)

Table A.3.1: Physical Activity Enjoyment Scale (PACES-8) Questionnaire [6]

Prompt 1 2 3 4 5 6 7
Exercise is pleasurable ◦ ◦ ◦ ◦ ◦ ◦ ◦

Exercise is not fun ◦ ◦ ◦ ◦ ◦ ◦ ◦

Exercise is very pleasant ◦ ◦ ◦ ◦ ◦ ◦ ◦

Exercise is not invigorating ◦ ◦ ◦ ◦ ◦ ◦ ◦

Exercise is very gratifying ◦ ◦ ◦ ◦ ◦ ◦ ◦

Exercise is not exhilarating ◦ ◦ ◦ ◦ ◦ ◦ ◦

Exercise is very stimulating ◦ ◦ ◦ ◦ ◦ ◦ ◦

Exercise is unrefreshing ◦ ◦ ◦ ◦ ◦ ◦ ◦

5. Please indicate your level of agreement to each of the following statements, given the following rating

scale: 1 (Strongly Disagree) - 5 (Strongly Agree)

Table A.3.2: Privacy Attitudes Questionnaire (PAQ) [7]

Prompt 1 2 3 4 5
I am comfortable giving companies my data ◦ ◦ ◦ ◦ ◦

I would not like to have my data saved and used to improve the

recommender system

◦ ◦ ◦ ◦ ◦

Organizations should be allowed to use my information without

my consent

◦ ◦ ◦ ◦ ◦

I would not like the opportunity to delete my data for privacy

reasons

◦ ◦ ◦ ◦ ◦

I frequently question why I have to provide personal information

to companies

◦ ◦ ◦ ◦ ◦
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Table A.3.2 (continued)

Prompt 1 2 3 4 5

I do not worry that my input data will be leaked from the recom-

mender system

◦ ◦ ◦ ◦ ◦

I value open-source recommender systems over privatized closed-

source options

◦ ◦ ◦ ◦ ◦

I am uncomfortable with my biomarkers being recorded for rec-

ommendation purposes.

◦ ◦ ◦ ◦ ◦

I am comfortable with my personal information (e.g., age, gen-

der) being recorded for recommendation purposes

◦ ◦ ◦ ◦ ◦

6. Please indicate your level of agreement to each of the following statements, given the following rating

scale: 1 (Strongly Disagree) - 5 (Strongly Agree)

Table A.3.3: Adapted ComTech (HUED-CUP) Questionnaire [1]

Category Prompt 1 2 3 4 5
Trust The recommendations appear to be impartial and independent of

bias

◦ ◦ ◦ ◦ ◦

Trust The recommendations are not objective ◦ ◦ ◦ ◦ ◦

Expertise The recommendations came from a knowledgeable source ◦ ◦ ◦ ◦ ◦

Expertise The recommender system does not have a professional design ◦ ◦ ◦ ◦ ◦

Privacy The recommender system clearly explains how my data will be

used

◦ ◦ ◦ ◦ ◦

Privacy I feel uncomfortable using the recommender system. ◦ ◦ ◦ ◦ ◦

Efficacy The recommender system told me most of what I needed to know ◦ ◦ ◦ ◦ ◦

Efficacy The recommendations do not feel as if they were tailored for me ◦ ◦ ◦ ◦ ◦

Utility I find the recommender system useful ◦ ◦ ◦ ◦ ◦
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Table A.3.3 (continued)

Category Prompt 1 2 3 4 5

Utility The recommender system has not increased my awareness about

exercises and diets

◦ ◦ ◦ ◦ ◦

Usability The language from the recommender system made the sugges-

tions easy to understand

◦ ◦ ◦ ◦ ◦

Usability The recommender system was not easy to use ◦ ◦ ◦ ◦ ◦

Persuasiveness The suggested exercises are convincing for me to continue using

the recommender system

◦ ◦ ◦ ◦ ◦

Persuasiveness The suggested exercises are relevant for me to continue using the

recommender system

◦ ◦ ◦ ◦ ◦

Persuasiveness The suggested exercises would influence me to start or continue

using the recommender system

◦ ◦ ◦ ◦ ◦

7. Assume you were were planning out your exercises with access to the recommender system. How

many minutes of physical activity would you be able to complete within a week?

8. Assuming that you were using the recommender system in a real-life context to support your fitness,

how confident are you that you could exercise for at least 150+ minutes per week, given the following

scenarios? 1 (No Confidence) - 7 (High Confidence)

Table A.3.4: Self-Efficacy for Exercise Scale (SEE) [8]

Prompt 1 2 3 4 5 6 7
The weather was bothering you ◦ ◦ ◦ ◦ ◦ ◦ ◦

You were bored by the exercise ◦ ◦ ◦ ◦ ◦ ◦ ◦

You felt pain when exercising ◦ ◦ ◦ ◦ ◦ ◦ ◦

You had to exercise alone ◦ ◦ ◦ ◦ ◦ ◦ ◦

You did not enjoy it ◦ ◦ ◦ ◦ ◦ ◦ ◦
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Table A.3.4 (continued)

Prompt 1 2 3 4 5 6 7
You were too busy with other activities ◦ ◦ ◦ ◦ ◦ ◦ ◦

You felt tired ◦ ◦ ◦ ◦ ◦ ◦ ◦

You felt stressed ◦ ◦ ◦ ◦ ◦ ◦ ◦

You felt depressed ◦ ◦ ◦ ◦ ◦ ◦ ◦

9. Please share a bit more about what influenced your above responses. How did your thoughts, experi-

ences, or anything else you’d like us to share affect your final determinations?

10. The following statements reflect how you might approach achieving 150+ minutes of physical activity

each week. Please indicate how well each statement relates to you, given the rating scale: 1 (Does Not

Describe at All) - 5 (Describes Completely)

Table A.3.5: Adapted Questionnaire from the Exercise Goal-Setting Scale (EGS) and Exercise Planning and
Scheduling Scale (EPS) [9]

Prompt 1 2 3 4 5
... I will set a goal to achieve my weekly fitness target ◦ ◦ ◦ ◦ ◦

...I will develop a series of steps to reach my weekly goal. ◦ ◦ ◦ ◦ ◦

I will keep track of my progress in meeting my goal. ◦ ◦ ◦ ◦ ◦

I will endeavor to achieve the set goal for myself ◦ ◦ ◦ ◦ ◦

I will make my goals public by telling others about it. ◦ ◦ ◦ ◦ ◦

11. Please share a bit more about what influenced your above responses. How did your thoughts, experi-

ences, or anything else you’d like us to share affect your final determinations?

12. In a few sentences, please share what stood out to you by using the recommender system. What did or

did not work well?

13. We are looking for ways to improve the recommendation process by highlighting the most impactful

features to change sedentary behaviour. In a few sentences, please share any suggestions or ideas that

could help make the fitness-based recommender system better for you or others.
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14. How did you learn about the user study?

◦ LinkedIn

◦ Discord

◦ Reddit

◦ E-mail (grads@eecs.yorku.ca)

◦ Poster

◦ Word of Mouth

15. What is your gender?

◦ Male

◦ Female

◦ Non-Binary

◦ Prefer not to say

16. Please provide us with your age range.

◦ 18 - 19

◦ 20 -22

◦ 23 - 25

◦ 26 - 28

◦ 29 - 30

◦ Prefer not to answer

17. What is the highest level of education you’ve completed, or are in the process of completing?

◦ Highschool

◦ Vocational College

◦ Undergraduate

◦ Masters

◦ PhD

◦ Post Doc

◦ Prefer not to answer

18. What is/was your major (and minor, if applicable)?
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19. What is your ethnicity?

◦ White or Caucasian

◦ Arab

◦ Black (e.g., African, American, Canadian Caribbean)

◦ Chinese

◦ Japanese

◦ Korean

◦ Filipino

◦ Non-White Latin American

◦ Non-White West Asian (e.g., Iranian, Lebanese, Afghan)

◦ South Asian / East Indian (e.g., Bangladeshi, Pakistani, Indian, Sri Lankan)

◦ South East Asian (e.g., Burmese, Cambodian, Laotian, Malaysian, Vietnamese)

◦ Prefer not to answer

20. Please enter your approximate weight (in kg). If you prefer not to answer, please enter 0.

21. Please enter your approximate height (in m). If you prefer not to answer, please enter 0.

22. On average, how many minutes per week do you participate in moderate to rigorous physical activity?

Please describe the activities if applicable (e.g., cycling).

Thank you for your time!

Questions About the Research?

If you have questions about the research in general or about your role in the study, please feel free to

contact Kiemute Oyibo by email (kiemute.oyibo@yorku.ca). You may also reach out to the Electrical

Engineering and Computer Science (EECS) Graduate program by telephone at (416)-650-8215, or

by email (gpa@eecs.yorku.ca). This research has received ethics review and approval by the Human

Participants Review Sub-Committee, York University’s Ethics Review Board and conforms to the

standards of the Canadian Tri-Council Research Ethics guidelines. If you have any questions about

this process, or about your rights as a participant in the study, please contact the Manager, Research

Ethics in the Office of Research Ethics, York University (e-mail ore@yorku.ca). This office oversees

the ethical conduct of research studies and is not part of the study team. Everything that you discuss

will be kept confidential.
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B Datasets
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Figure B.1: Murarka’s Dataset [3]: Visualization After Removing Labels with less than 4 Occurrences
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C Prompts

1 template = """You are a friendly bariatric healthcare professional. You have the
following information about the patient:

2

3 Age: {age}
4 Gender: {gender}
5 Weight (kilograms): {weight}
6 Height (meters): {height}
7 BMI: {bmi}
8 Health Conditions: {health}
9 Social Preference: {social}

10 City: {city}
11 Location Preference: {location}
12

13 Using this information , answer their question with
14 actionable examples and explanations.
15

16 Question: {question}
17

18 Answer:
19 """

Figure C.1: Prompt Template: Context-Aware Recommender System

1 question = "Given my condition , how can I lose weight? Provide me with exercises and
dietary recommendations."

Figure C.2: Control Prompt: Context-Aware Recommender System

1 question = f’Given my condition , how can I lose weight? Provide me with exercises and
dietary recommendations. Use the following persuasive strategies in your answer: {
asyncio.run(query_frameworks(’persuasive design strategies’))}’

Figure C.3: Experimental Prompt: Context-Aware Recommender System
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1 template = """Explain why the following exercise is beneficial to perform.
2 Make your answer persuasive. Suggest how to incorporate it into a weekly schedule:
3 To make the answer persuasive , consider motivation , ability , and triggers (Fogg

Behavioural Model).
4

5 Exercise(s): {rs_output}
6

7 Answer:
8 """
9

10 prompt = PromptTemplate.from_template(template)
11 return llm.invoke(prompt.invoke(rs_output)).replace("</s>", "")

Figure C.4: Experimental Prompt: Content-based Recommender System
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D Application (Screenshots & Instruments)

Figure D.1: Control Group: Introduction Page (Privacy Policy)

Figure D.2: Experimental Group: Introduction Page (Privacy Policy)
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Figure D.3: Experimental Group: Verbose Mode of Context-Aware Agent
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E Additional Results

E.1 Participant Demographics

Table E.1: Participant Demographics: Age Groups

Gender

Age Male Female Total

18 - 19 5 6 11

20 - 22 18 14 32

23 - 25 10 5 15

26 - 28 4 5 9

29 - 30 0 5 5

Prefer not to answer 1 0 1

Total 38 35 73

Table E.2: Participant Demographics: Ethnicity

Gender

Ethnicity Male Female Total

White or Caucasian 5 6 11

Arab 1 0 1

Black (e.g., African, American, Canadian Caribbean) 4 2 6

Chinese 5 2 7

Japanese 0 0 0

Korean 0 1 1

Filipino 0 2 2

Non-White Latin American 4 0 4

Non-White West Asian (e.g., Iranian, Lebanese, Afghan) 3 5 8

South Asian / East Indian (e.g., Bangladeshi, Pakistani, Indian, Sri Lankan) 15 8 23

South East Asian (e.g., Burmese, Cambodian, Laotian, Malaysian, Vietnamese) 0 5 5

Prefer not to answer 1 4 5

Total 38 35 73
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Table E.3: Participant Demographics: Education Level and Major of Study

Gender

Study Education Male Female Total

Computer Science Undergraduate 9 3 12

Masters 4 3 7

PhD 0 0 0

Vocational College 0 0 0

Total 13 6 19

Mechanical Engineering Undergraduate 1 0 1

Masters 0 0 0

PhD 0 1 1

Vocational College 0 0 0

Total 1 1 2

Biomedical Science Undergraduate 0 4 4

Masters 0 0 0

PhD 0 0 0

Vocational College 0 0 0

Total 0 4 4

Robotics Engineering Undergraduate 0 0 0

Masters 0 1 1

PhD 0 0 0

Vocational College 0 0 0

Total 0 1 1

Computer Engineering Undergraduate 4 0 4

Masters 1 0 1

PhD 1 0 1

Vocational College 0 0 0

Total 6 0 6

Philosophy Undergraduate 1 0 1

Masters 0 0 0

PhD 0 0 0

Vocational College 0 0 0

Total 1 0 1
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Table E.3 (continued)

Gender

Study Education Male Female Total

Space Engineering Undergraduate 1 0 1

Masters 0 0 0

PhD 0 0 0

Vocational College 0 0 0

Total 1 0 1

Cyber Security Undergraduate 1 0 1

Masters 0 0 0

PhD 0 0 0

Vocational College 0 0 0

Total 1 0 1

Applied Mathematics Undergraduate 1 0 1

Masters 0 0 0

PhD 0 0 0

Vocational College 0 0 0

Total 1 0 1

Kinesiology Undergraduate 2 3 5

Masters 0 0 0

PhD 0 0 0

Vocational College 0 0 0

Total 2 3 5

Fashion & Design Undergraduate 0 0 0

Masters 0 0 0

PhD 0 0 0

Vocational College 1 0 1

Total 1 0 1

Neuroscience Undergraduate 2 6 8

Masters 1 1 2

PhD 0 0 0

Vocational College 0 0 0

Total 3 7 10
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Table E.3 (continued)

Gender

Study Education Male Female Total

Software Engineering Undergraduate 2 0 2

Masters 0 0 0

PhD 0 0 0

Vocational College 0 0 0

Total 2 0 2

Biology Undergraduate 0 0 0

Masters 0 1 1

PhD 0 0 0

Vocational College 0 0 0

Total 0 1 1

Psychology Undergraduate 0 4 4

Masters 0 0 0

PhD 0 0 0

Vocational College 0 0 0

Total 0 4 4

Spanish and French Undergraduate 0 1 1

Masters 0 0 0

PhD 0 0 0

Vocational College 0 0 0

Total 0 1 1

Theatre Undergraduate 0 1 1

Masters 0 0 0

PhD 0 0 0

Vocational College 0 0 0

Total 0 1 1

Visual Arts Undergraduate 0 0 0

Masters 0 0 0

PhD 0 0 0

Vocational College 0 1 1
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Table E.3 (continued)

Gender

Study Education Male Female Total

Total 0 1 1

Global Health Undergraduate 0 1 1

Masters 0 0 0

PhD 0 0 0

Vocational College 0 0 0

Total 0 1 1

Biotechnology Undergraduate 0 1 1

Masters 0 0 0

PhD 0 0 0

Vocational College 0 0 0

Total 0 1 1

Environmental Design Undergraduate 0 1 1

Masters 0 0 0

PhD 0 0 0

Vocational College 0 0 0

Total 0 1 1

Transportation Engineering Undergraduate 0 0 0

Masters 0 1 1

PhD 0 0 0

Vocational College 0 0 0

Total 0 1 1

Electrical Engineering Undergraduate 2 0 2

Masters 0 0 0

PhD 0 0 0

Vocational College 0 0 0

Total 2 0 2

Physics Undergraduate 1 0 1

Masters 0 0 0

PhD 0 0 0
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Table E.3 (continued)

Gender

Study Education Male Female Total

Vocational College 0 0 0

Total 1 0 1

Chemistry Undergraduate 1 0 1

Masters 0 0 0

PhD 0 0 0

Vocational College 0 0 0

Total 1 0 1

Civil Engineering Undergraduate 1 0 1

Masters 0 0 0

PhD 0 0 0

Vocational College 0 0 0

Total 1 0 1

Earth and Atmospheric Science Undergraduate 0 1 1

Masters 0 0 0

PhD 0 0 0

Vocational College 0 0 0

Total 0 1 1

Business Economics Undergraduate 1 0 1

Masters 0 0 0

PhD 0 0 0

Vocational College 0 0 0

Total 1 0 1

Total Undergraduate 30 26 56

Masters 6 7 13

PhD 1 1 2

Vocational College 1 1 2

Total 38 35 73
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