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RÉSUMÉ 

Avec la reconnaissance du VIH comme une maladie chronique, il devient essentiel de développer 

des outils évolutifs et centrés sur les patients pour répondre aux besoins complexes des personnes 

avec le VIH (PVVIH) au-delà des milieux cliniques. Cette thèse explore comment des chatbots 

personnalisés basés sur l’intelligence artificielle (IA) peuvent soutenir l’autogestion chez les 

PVVIH. Ancrée dans les principes de la conception participative et de l’IA responsable, elle 

examine les considérations clés liées à la conception, le développement et la mise en œuvre d’un 

tel système dans des contextes de soins réels. 

Dans cette thèse par articles, l’Article 1 présente un protocole maître ayant encadré la conception 

et le développement de MARVIN, un chatbot personnalisé de soutien à long terme pour 

l’autogestion des PVVIH. Ce protocole repose sur un plan d’essai adaptatif de type plateforme, 

conçu pour encadrer la co-conception, la mise en œuvre et l’évaluation de chatbots. Il a ainsi permis 

l’intégration de quatre sous-études ciblant différentes conditions de santé. Ce cadre 

méthodologique mobilise des méthodes mixtes et des modèles issus de la science de la mise en 

œuvre afin de permettre une évaluation rigoureuse des interventions basées sur des chatbots. 

L’Article 1 met également en valeur la démarche de conception participative de MARVIN ainsi 

que ses principales fonctionnalités techniques. 

Dans l’Article 2, ce protocole a été appliqué dans une étude pilote en contexte réel, démontrant la 

faisabilité, l’utilisabilité et l’acceptabilité de MARVIN auprès des PVVIH. Les résultats 

quantitatifs ont atteint ou dépassé les seuils prédéfinis, tandis que les données qualitatives ont mis 

en évidence l’accessibilité, la confidentialité et la sécurité émotionnelle offertes par le chatbot. Les 

participants ont également signalé certaines limites, notamment une couverture thématique 

restreinte, l’absence de mémoire et le manque de fonctionnalités proactives. 

Pour contribuer à combler ces lacunes, l’Article 3 porte sur le développement d’un outil de triage 

basé sur un grand modèle de langage (GML), visant à détecter de manière proactive les barrières à 

l’adhérence au traitement antirétroviral ainsi que les niveaux de risque associés à partir de messages 

non structurés. Les modèles ajustés ont atteint de solides performances, surpassant les GMLs 

génériques (par exemple, GPT-4.1) ainsi que des modèles cliniques spécialisés (par exemple, 

Clinical-T5 Large). L’étude a également évalué l’équité du modèle en analysant les variations de 
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prédiction selon des descripteurs de genre et de race, et a estimé son empreinte carbone afin 

d’éclairer son déploiement futur. 

Pris dans leur ensemble, ces travaux pourraient faire progresser l’application de l’IA en santé dans 

le domaine du VIH en présentant l’ensemble du cycle de développement de MARVIN ainsi que 

ses fondements méthodologiques. Développé selon une approche de conception participative 

impliquant les PVVIH et les autres acteurs impliqués, MARVIN illustre comment des outils d’IA 

en santé peuvent intégrer la durabilité, une approche centrée sur l’humain, l’inclusivité, l’équité et 

la transparence. Les travaux futurs viseront à répondre aux enjeux de pérennisation, de rentabilité 

et de mise à l’échelle afin d’assurer que cette solution apporte une valeur significative et durable 

aux soins liés au VIH.  
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ABSTRACT 

With HIV now recognized as a chronic condition, there is a growing need for scalable, patient-

centered tools to address the complex care requirements of people with HIV (PWH) beyond clinical 

settings. This thesis explores how artificial intelligence (AI)-based personalized chatbots can 

support self-management among PWH. Grounded in participatory design and responsible AI 

principles, it examines the key considerations in the design, development, and implementation of 

one such system in real-world care settings. 

In this article-based thesis, Article 1 introduces the master protocol which guided the design and 

assessment of MARVIN, a long-term personalized self-management chatbot for PWH. This 

protocol is based on an adaptive platform trial design to guide chatbot co-development, 

implementation, and evaluation. As such, it allowed the incorporation of four chatbot substudies 

targeting different health conditions. This methodological framework integrates mixed methods 

and implementation science models to enable rigorous testing of chatbot interventions. Article 1 

also highlights MARVIN’s participatory design process and its key technical features. 

In Article 2, the protocol was applied in a real-world pilot study, demonstrating the feasibility, 

usability, and acceptability of MARVIN among PWH. Quantitative findings met or exceeded 

predefined thresholds, while qualitative feedback highlighted the chatbot’s accessibility, 

confidentiality and emotional safety. Participants also noted limitations, including a narrow range 

of topics, lack of memory, and the absence of proactive features. 

To help address these gaps, Article 3 focuses on developing a large language model (LLM)-based 

triage tool to proactively detect antiretroviral treatment adherence barriers and associated risk 

levels from unstructured patient messages. Fine-tuned models achieved strong performance, 

outperforming large scale general-purpose LLM (e.g., GPT-4.1) and clinical foundation models 

(e.g., Clinical-T5 Large). The study also assessed model fairness by analyzing prediction shifts 

across racial and gender descriptors and estimated the carbon footprint to inform future deployment.  

Taken as a whole, the findings could advance the application of AI in the field of HIV care by 

presenting the entire development lifecycle of MARVIN and its methodological underpinnings. 

Developed through a participatory design approach involving PWH and stakeholders, MARVIN 

exemplifies how healthcare AI tools can embody sustainability, human-centeredness, inclusiveness, 
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fairness, and transparency. Future work will address long-term maintenance, cost-effectiveness, 

and scalability to ensure that this solution delivers meaningful and lasting value to HIV care.  
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CHAPTER 1 INTRODUCTION 

1.1 HIV as a chronic condition: the challenge of lifelong self-management 

Human immunodeficiency virus (HIV) is a virus that targets and progressively weakens the 

immune system [1]. As of 2023, around 40 million people were living with HIV worldwide [2]. In 

Canada, the estimated number of new HIV diagnoses in 2023 stood at 2,434, a 35.2% increase 

from 2022 [3]. Although no cure or vaccine has yet been developed more than four decades into 

the global HIV pandemic, the advent of effective antiretroviral therapy (ART) has significantly 

improved the prognosis for people with HIV (PWH). As shown in Figure 1.1, life expectancy 

among those on ART is now comparable to that of HIV-negative individuals, with a 20-year-old 

starting treatment in recent years expected to live more than 56 additional years [4]. What was once 

considered a terminal illness bas been transformed into a chronic condition that can be successfully 

managed on a long-term basis [5]. 

 

Figure 1.1 Estimated life expectancy of a 20-year-old HIV-positive individual initiating 

antiretrovrial therapy in a high-income country. Adapted from [4] and [6]. 
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As with most chronic diseases, self-management refers to the ongoing process by which individuals 

assume primary responsibility for managing their health outside of clinical encounters [7]. For 

people with HIV (PWH), this encompasses responsibilities such as acquiring and interpreting 

health information, attending regular medical appointments, making informed treatment decisions 

tailored to their living conditions, and adhering to strict medication regimens to maintain viral 

suppression and prevent complications or onward transmission [8-10]. These tasks are further 

complicated by the increased risk of comorbidities and psychosocial vulnerabilities associated with 

living with HIV, which can challenge both the delivery of care and the individual’s capacity for 

effective self-management, both crucial to longevity and health-related quality of life [11]. 

To support effective self-management, it is essential to empower PWH with appropriate knowledge, 

tools, and support systems to address their questions and needs. PWH now can consult a variety of 

actors and resources, including healthcare professionals (e.g., physicians, nurses, pharmacists), 

community-based organizations, peer support workers, and online health resources. However, 

these sources are not always readily available, and the information they provide can vary in quality 

and clarity [12, 13]. In some cases, content may be overly technical, outdated, or contradictory, 

which can create confusion and hinder informed self-management decision-making [14, 15]. These 

challenges were further amplified during the COVID-19 pandemic, which introduced additional 

barriers to access regular follow-up [16] and contributed to an “infodemic”, i.e., an overabundance 

of information [17]. 

These limitations can undermine patient engagement and self-management in their care, with 

downstream consequences for treatment adherence [18], appointment attendance [19], and long-

term health outcomes [20], ultimately increasing healthcare utilization and placing additional strain 

on both individuals and health systems. As HIV care shifts toward sustained, patient-driven 

management outside of clinical settings [21], there remains a critical need for consistent, scalable, 

and personalized tools that provide access to accurate, verified health information to support daily 

self-management.  

1.2 Digital health, mHealth and chatbots: potential solutions 

According to the World Health Organization, digital health refers to the use of information and 

communication technologies, including smartphone messaging, mobile health (mHealth) apps, and 
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web-based platforms, to support population and individual health [22]. Digital health has become 

a salient practice area in HIV care due to its accessibility, efficiency, and patient-centeredness [23-

25]. At the 2021 International AIDS Society Annual Meeting, over 100 digital interventions were 

showcased. A separate review reported that academic interest in HIV self-testing and digital tools 

has grown at an annual rate of 12.25% [26]. The scope of digital health has expanded beyond 

clinical settings to enable daily self-monitoring and self-management [27]. Studies have shown that 

remote follow-up via telephone or web platforms can improve medication adherence and viral 

suppression among PWH, while also reducing travel costs, saving time, and protecting privacy [8, 

28]. By facilitating swift access to reliable health information, digital health solutions help address 

gaps in existing self-management support. 

One of the most innovative developments in digital health is the emergence of chatbots. Harnessing 

the power of artificial intelligence to enable natural language processing as well as aid decision-

making, such tools can answer questions, offer explanations, and engage users in coherent, context-

sensitive dialogue. Chatbots are generally well received by patients [29] and have shown the ability 

to foster collaborative relationships [30, 31], offering promising opportunities to enhance patient 

self-management and support [32]. Since the first chatbot, ELIZA, was introduced as a simulated 

psychotherapist in 1966 [33], chatbots have been explored in a range of healthcare domains, 

including mental health [31, 34, 35], oncology [29, 36-38], and diabetes management [39, 40]. 

However, their application in HIV care remains limited [41], with most existing efforts focused on 

prevention [42-47]. Many of these chatbots are still at the pilot stage, with little evidence of real-

world implementation. As a result, there is a need to develop tailored, evidence-based chatbot 

solutions specifically designed to support the self-management of PWH. 

1.3 So, what is Artificial Intelligence and Natural Language Processing?  

Artificial intelligence (AI), a term first introduced at the Dartmouth Workshop back in 1956 [48], 

now broadly refers to the development of computational systems capable of performing tasks that 

typically require human intelligence. Within AI, machine learning usually refers to statistical 

learning algorithms that are endowed with the ability to improve themselves from experience 

without explicit programming [49]. A further subset, deep learning, represents computational 

models that use multilayer neural networks to learn data representations with multiple levels of 
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abstraction [50]. Figure 1.2 illustrates the conceptual relationships among these overlapping 

techniques. 

Over the past decade, the liberation of arithmetic power resulting from the development of 

hardware has led to the explosive growth of AI and the popularity of machine learning and deep 

learning. Among the most transformative areas is natural language processing (NLP), which 

enables machines to interpret, generate, and analyze human language [51]. A major breakthrough 

came in 2017 with the release of the transformer architecture [52], which laid the groundwork for 

today’s large language models (LLMs). One of the earliest and most influential examples was 

BERT (Bidirectional Encoder Representations from Transformers), developed by Google in 2018 

[53]. 

 

Figure 1.2 Relationship between AI subfields and language technologies. Inspired by [54] 

Table 1.1 provides a glossary and definitions of key concepts related to LLM training and 

adaptation. LLMs are typically pre-trained on massive general-domain corpora using self-

supervised learning, which enables the model to learn language patterns and structures at scale. 

They can then be fine-tuned – that is, further trained on domain- or task-specific datasets to 

optimize performance for specialized applications. In healthcare, clinical foundation models – 

developed through continued pre-training on biomedical literature or clinical text – offer domain-

adapted alternatives [55, 56]. As training data and model sizes have scaled exponentially, LLMs 
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have become significantly more powerful [57]. The release of ChatGPT in 2022 marked a turning 

point, showcasing models capable of fluent, context-sensitive conversation and gaining widespread 

popularity among the general public [58]. Today’s frontier LLMs, such as GPT-4 [59], DeepSeek 

[60], and Claude [61], can generalize across diverse tasks with minimal instruction through prompt-

tuning [62] – a technique that steers the model’s behavior by optimizing the input prompts it 

receives, rather than changing model weights. These advances have enabled the rise of 

sophisticated AI chatbots like ChatGPT, capable of passing expert-level exams such as the United 

States Medical Licensing Examination (USMLE) [63].  

Despite promising advances, the application of LLMs–and AI more broadly–is still underexplored 

in HIV care [41, 64]. This limited uptake may be attributed to concerns about data scarcity and 

representativeness in HIV-specific contexts [65], alongside broader issues affecting LLM 

deployment in healthcare such as hallucinated outputs, privacy risks, and environmental impact 

[41, 66]. Stakeholder perspectives also remained mixed: one study found that half of surveyed 

healthcare professionals were hesitant to use chatbots due to safety concerns and limited 

understanding of the technology [67], while another showed most internet users expressed 

willingness to use health chatbots [68]. Ensuring clinical relevance and equitable outcomes requires 

co-developing AI tools with PWH and other key stakeholders [41, 64]. Without careful 

development and stakeholder involvement, such tools risk perpetuating existing disparities rather 

than addressing them. Further work is needed to guide the development of AI-powered 

interventions that are not only technically robust, but also equitable, trustworthy, and relevant to 

the lived experiences of PWH. 
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Table 1.1 Adapting large language lodels: a comparison of training and tuning approaches. 

 Pre-training1 Continued Pre-training2 Fine-tuning3 Prompt Tuning4 

Training Data Type 
General-domain text 

(e.g., books, web data) 

Domain-specific text 

(e.g., PubMed) 

Task-specific data 

(e.g., labeled clinical texts) 
Task-specific prompts 

Typical Dataset Size 
Very large 

(100B+ tokens5) 

Moderate to large 

(1B–10B tokens) 

Small to moderate 

(10K–1M samples) 

Very small 

(zero-/few-shot prompting) 

Domain Specificity 
Low 

(general-purpose) 

Medium to high 

(domain-specific) 

High 

(task-specific) 

Medium to High 

(task-dependent) 

Example Models GPT-4 [59], BERT [53] BioBERT [69], Clinical-T5 [70] 
Fine-tuned BERT for text 

classification [71, 72] 
GPT-4 via prompt [62] 

Typical use case Foundation model creation Domain adaptation Task adaptation 
Parameter-efficient task 

adaptation6 

1 Pre-training refers to training a model from scratch on very large general-domain text. 

2 Continued pre-training builds on a pre-trained model using domain-specific text. 

3 Fine-tuning adapts a pre-trained model to specific tasks using task-specific data. 

4 Prompt tuning guides model behavior by optimizing task-specific prompts rather than modifying model weights. 

5 Tokens are units of text (e.g., words or subwords) used by language models during training. One English word typically corresponds 

to 1–2 tokens. 

6 Parameter-efficient methods adapt a model without updating all its parameters, requiring less computation and data. 



7 

 

1.4 Thesis outline 

Chapter 2 reviews the current literature on digital health interventions for HIV self-management, 

the use of chatbots in HIV care, and the emerging role of LLMs in supporting chronic disease self-

management, highlighting key gaps in the field and establishes the rationale for the research 

presented in this thesis. 

Chapter 3 outlines the overarching research objectives and the overview of the methodology 

guiding the work presented in this thesis. It also provides an outline of the three research articles 

included in the thesis, each addressing a distinct aspect of chatbot development, implementation, 

and evaluation. 

Chapter 4 introduces a master protocol based on an adaptive platform trial design to guide chatbot’s 

co-development, implementation, and evaluation using mixed methods and implementation 

science frameworks. It also details the general design and development of the MARVIN chatbot, 

a long-term personalized self-management tool for PWH, highlighting the participatory design 

process and key technical features. 

Chapter 5 applied this protocol in a real-world mixed-methods study, demonstrating the feasibility, 

usability, and acceptability of the MARVIN chatbot among PWH, while revealing limitations such 

as narrow topic coverage and lack of proactive features. 

Chapter 6 addresses this gap by developing an LLM-based triage tool to proactively identify ART 

adherence barriers and associated risk levels from unstructured patient messages. Fine-tuned 

models achieved state-of-the-art performance, outperforming both large-scale general-purpose 

(e.g., GPT-4.1) and clinical foundation models (e.g., Clinical-T5 Large). The study also assessed 

model fairness and estimated the carbon footprint of model development and deployment to inform 

future implementation. 

Chapter 7 provides a general discussion on the design and development of the chatbot-based 

personalized healthcare tool, synthesizing insights from the three articles and discussing the 

broader implications and contributions of the work. 

Chapter 8 concludes the thesis by highlighting the results and the scientific significance of this 

research. 
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CHAPTER 2 LITERATURE REVIEW 

The introduction of the BERT model in 2018 and the release of ChatGPT in 2022 have driven a 

sustained and rapid increase in scientific publications referencing the “healthcare chatbot” concept, 

as shown in Figure 2.1-A. A similar trend is observed in HIV-specific chatbot research (Figure 2.1-

B), though with a smaller overall volume. This growth was further catalyzed by the COVID-19 

pandemic, which accelerated the adoption of digital health solutions [73, 74]. Given this recent 

surge, this literature review focuses primarily on work published in the past five years. 

 

Figure 2.1 Number of scientific publications related to chatbots in health and HIV care indexed 

on Web of Science (2016–2024) (A) “All fields” search using: ("chatbot" OR "chat bot" OR 

"Conversational agent" OR "Intelligent Conversational Agent") AND ("health" OR "healthcare" 

OR "health care") (B) “All fields” search using: ("chatbot" OR "chat bot" OR "Conversational 

agent" OR "Intelligent Conversational Agent") AND ("HIV" OR "AIDS" OR "PrEP" OR 

"Antiretroviral" OR "Antiretroviral therapy") as subject terms. 
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2.1 Overview of digital health interventions for HIV self-management 

This section provides a rapid review of digital health interventions for HIV self-management 

published between January 1, 2021, and the present. The aim is to identify the established benefits 

of these tools for self-management support, while also highlighting persistent limitations. This 

review provides the foundation for understanding how AI-powered chatbots may build upon, or 

address gaps in, earlier digital approaches. Relevant studies were identified using the following 

terms in the Web of Science database: "HIV" AND "Self-management" AND ("Digital Health" or 

"App" or "mobile health") (All fields). Inclusion criteria were limited to English-language peer-

reviewed journal articles; research protocols and conference abstracts were excluded. 

Several mHealth interventions have been developed to support different dimensions of HIV self-

management. For instance, Champs [75] paired a medication adherence app with a smart bottle 

that recorded dosing events, supported by 12 online follow-up visits with a community health 

worker to facilitate implementation. The intervention was feasible and well-accepted, particularly 

in rural settings, but showed average retention (60%) and posed scalability concerns due to its 

dependence on physical devices and human labor. 

Other interventions focused on specific health domains. VIP-HANA [76] enabled PWH to self-

monitor comorbidities and receive tailored guidance based on symptom reporting. Similarly, 

EmERGE [77] implemented across five European countries, provided access to test results, 

medication reminders, and appointment management through clinical system integration. It 

achieved high engagement (87% retention) and strong user endorsement (94% recommendation 

rate), highlighting the value of embedding digital tools within existing care systems. 

Interventions such as Epic allies [78] and Bijou [79] were developed for PWH, aiming to improve 

health literacy and overall self-efficacy through educational modules. Participants reported 

knowledge gains and increased motivation. However, both faced retention issues. Only 36% of 

Epic Allies users remained active at week 26, with many expressing a need for more personalized 

content. Similarly, only 52% of Bijou participants completed the study, often citing platform 

accessibility challenges, such as difficulty remembering how to log in. 

A more participatory approach was taken by the ESSC (Excellent Self Supervised HIV Care) mobile 

app [80], which involved over 240 PWH in a needs assessment and went through three iterative 

design process. The resulting app provided multi-faceted, user-driven informational support 
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covering medication adherence, symptoms, mental health, and sexual health. Clinical trials 

reported improvements in self-efficacy and reduced stigma [81, 82]. Yet, only about 10% of 

participants voluntarily continued daily use of the app after an 8-week period, underscoring the 

need for sustained engagement strategies [81]. Participants expressed a desire for a more interactive 

user experience and timely access to the latest information related to HIV care research. 

2.1.1 Strengths, limitations, and implications for chatbot development 

Digital health interventions have demonstrated strong potential to support ART adherence, 

promote patient engagement, and improve self-management outcomes among PWH [76, 78, 79, 

81-84]. Studies generally reported favorable implementation outcomes such as feasibility, usability, 

and acceptability, aligning with Proctor’s framework for evaluating implementation research [85]. 

However, long-term retention remains a persistent challenge, often due to limited personalization, 

interactivity, and integration into daily routines or clinical workflows. 

Among these factors, content relevance and breadth were strong determinants of usability and 

acceptability. Even narrowly focused tools, such as those addressing ART adherence [75] or 

comorbidity management [76], were well-received when content was clearly relevant. However, 

broader needs assessments consistently emphasized the value of comprehensive, user-driven 

content that spans multiple self-management domains [80, 86]. Greater content variety not only 

supports a wider range of concerns but also enables more nuanced personalization, an area where 

many interventions underperformed [78, 81, 86]. For chatbots to effectively support HIV self-

management, they should deliver both diverse and personalized content that reflects the complex 

needs of PWH as they navigate daily self-management responsibilities. 

Accessibility and interface design also shaped usability and long-term engagement. Some users 

reported difficulty accessing platforms [79], while others highlighted that ease of use is a key 

determinant of intervention usability [81]. Clear, simple interfaces are essential to ensure 

accessibility [86]. While human facilitation can improve access, reliance on such support limits 

scalability and automation – factors that are especially critical in resource-limited settings [75]. 

Chatbots, with their capacity for automated, natural language interaction, are well-positioned to 

address both usability and scalability through more intuitive, self-directed engagement. 

Interactivity was another frequently cited gap [78, 82, 86]. Although many tools employed SMS 

or app notifications, participants often perceived a lack of responsiveness and wanted more 
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dynamic, two-way communication [82, 86]. Prior work suggests that interactive features, 

particularly those that offer personalized feedback and emotional support, can enhance motivation 

and promote self-management behaviors [87]. In this context, chatbots offer a distinct advantage 

by enabling real-time, conversational interactions that support engagement over time. 

Finally, the process of development itself played a critical role. Participatory design, especially the 

involvement of PWH in early-stage input and iterative prototyping, proved instrumental in 

enhancing usability and acceptability [77, 79-82]. However, the depth of involvement varied 

widely across studies, and limited co-design activities may have contributed to usability gaps in 

some cases [88]. These insights highlight the need for meaningful participatory design in chatbot 

development to ensure that tools are usable, acceptable, and responsive to the lived experiences of 

PWH. 

2.2 Chatbot use in HIV care 

This section synthesizes research on the development of HIV care-related chatbots published 

between January 2018 and June 2025. Further, the analysis is structured around three primary 

frameworks: the digital health intervention lifecycle [89], a chatbot design taxonomy summarized 

from the work of Janssen et al. [90] and Nißen et al. [91], and the SHIFT (Sustainable AI, Human-

centred AI, Inclusive AI, Fair AI, Transparent AI) framework for responsible healthcare AI [92]. 

This approach provides a comprehensive understanding to both development practices and ethical 

considerations relevant to the design of chatbots for HIV self-management. Relevant studies were 

identified through the Web of Science database using the following terms: ("chatbot" OR "chat 

bot" OR "conversational agent" OR "intelligent conversational agent") AND ("HIV" OR "AIDS") 

(All fields). The inclusion criteria were limited to English-language peer-reviewed journal articles 

and research protocols; conference abstracts were excluded.  

2.2.1 Review approach 

2.2.1.1 Conceptual framework – Digital health intervention lifecycle 

While AI-based digital health interventions have seen rapid progress in model development, their 

real-world integration into routine care remains a significant challenge, often staying within the 

realm of "innovation" rather than core care delivery processes [93]. Successfully integrating AI 
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into healthcare requires a systematic approach to development and implementation within the 

anticipated operational environment.  

According to Li et al. [89] and Bitomsky et al. [94], the iterative development model for AI-based 

digital health systems consists of four steps: 1) needs assessment; 2) design and development; 3) 

implementation; 4) evaluation and dissemination. Understanding the focus of each chatbot 

intervention study within this lifecycle helps us assess its maturity and readiness for integration 

into HIV care.  

2.2.1.2 Conceptual framework – Chatbot design taxonomy  

Chatbots are complex, modular systems that require thoughtful design principles and architecture. 

Taxonomies are valuable for understanding the scientific principles behind the observed artifacts, 

including digital service products. Several taxonomies for chatbot design have been proposed [90, 

91, 95-98]. The analysis in this review is mainly based on the taxonomy proposed by Janssen et al. 

[90] and Nißen et al. [91] (see original taxonomies in Annexe A), focusing on the following criteria: 

• Time horizon: This criterion describes the expected duration of the user-chatbot relationship: 

o Short-term – limited to single or occasional interactions. 

o Medium-term – spanning multiple interactions over several days or weeks. 

o Long-term – sustained over an extended period, such as during a weight loss program. 

o Lifelong – designed to accompany the user through various stages of life, offering 

continuous support and companionship. 

• Primary communication style: This refers to the main purpose of user-chatbot interaction: 

o Socially-oriented – focusing on chat-based or relational engagement. 

o Task-oriented – aiming to complete specific tasks. 

o Informative – delivering structured information or answering frequently-asked-

questions (FAQs) in an interactive manner [98]. 

• Intelligence framework: This criterion reflects the chatbot’s underlying technological 

capabilities: 

o Rule-based – relying on predefined "if-then" rules. 

o Text understanding – capable of natural language understanding (NLU). 

o Text understanding+ – incorporating additional functions such as logical inference, 

mathematical calculation, or image recognition. 
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• Front-end user interface: This indicates the platforms through which users access the chatbot: 

o Standalone applications. 

o Social media messengers (e.g., Facebook Messenger). 

o Websites. 

o Communication platforms (e.g., WhatsApp). 

o Combinations of these interfaces. 

• User assistance design: This defines how conversational control is managed during interaction: 

o Reactive – the chatbot responds only to user inputs. 

o Proactive – the chatbot steers the conversation. 

o Reciprocal – the chatbot can alternate. 

• Personalization: This refers to the chatbot’s ability to tailor interactions to the user: 

o Static – responses remain consistent regardless of user history. 

o Adaptive – the chatbot adjusts its responses based on prior interactions and user-specific 

data. 

2.2.1.3 Conceptual framework – Responsible AI: The SHIFT Framework 

Ethical considerations are paramount for best practices in healthcare AI. Currently, there are 

several ethical frameworks and guidelines available for reference. We have summarized the key 

points based on the comprehensive SHIFT framework for assessing responsible AI in healthcare 

proposed by Siala et al. [92] to guide our analysis: 

• Sustainable AI: Promoting responsible leadership and long-term viability of AI initiatives, 

while addressing social, economic, and environmental impacts to support human well-being. 

• Human-centered AI: Ensuring appropriate integration of chatbots into healthcare by clarifying 

their roles in relation to providers, i.e., assistive or substitutive functions. 

• Inclusive AI: Incorporating participatory design, stakeholder engagement, and cultural tailoring 

(e.g., language adaptation) to meet the needs of diverse populations and reduce potential 

disparities. 

• Fair AI: Promoting equity through attention to fairness in data collection and model 

development, addressing health disparities among all user groups. 
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• Transparent AI: Upholding data privacy and security, ensuring informed consent for data use, 

enhancing model interpretability, and clearly communicating system limitations to users and 

stakeholders. 

This framework allows us to assess not only technical and clinical rigor, but also the degree to 

which chatbot interventions align with ethical best practices. 

2.2.1.4 Review questions and synthesis approach 

In this review, we pose the following five questions to assess the current development of HIV care-

related chatbots: 

1) Who are the target users of the chatbots and what features are expected to meet user needs? 

2) How are chatbots technically designed and developed? 

3) How have these chatbots been implemented and evaluated? 

4) What are the reported outcomes and challenges of chatbot interventions? 

5) How is the concept of responsible AI addressed across chatbot studies? 

To answer these questions, we extracted and synthesized detailed information from each reviewed 

articles based on the following structured categories: 

• Needs assessment: Target populations and clinical aim, identified needs and expected features 

• Design and development: Time horizon, primary communication style, intelligence framework, 

front-end user interface, user assistance design, personalization 

• Implementation, evaluation and dissemination: Evaluation outcomes (technical outcomes, 

implementation outcomes and service outcomes), identified challenges and future plan 

• SHIFT Dimensions: Explicit actions or assessments related to the concepts of Sustainable AI, 

Human-centric AI, Inclusive AI, Fair AI, and Transparent AI 

Specifically, information on needs assessment, implementation, evaluation and dissemination, and 

SHIFT dimensions was extracted from article content, while design and development details were 

synthesized from the identified chatbots, given our technical focus. 
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2.2.2 Review findings 

2.2.2.1 Overview 

Table 2.1 summarizes the characteristics of the 19 articles that met the inclusion criteria, including 

15 research studies and 4 research protocols. These articles were originated from United States 

(n=4), Brazil (n=2), Malaysia (n=2), Peru (n=2), Spain (n=2), South Africa (n=2), Canada (n=1), 

China (n=1), Nigeria (n=1), United Kingdom (n=1), and Zambia (n=1). According to the World 

Bank[99], most articles were from high-income (n=8) or upper-middle-income countries (n=9). 

Only two were from low-income countries (n=2). Most articles were published in 2024 (n=7), 

followed by 2025 (n=4), 2022 (n=4), 2023 (n=3) and 2018 (n=1). 

2.2.2.2 Needs assessment 

Four of the reviewed articles (4/19) primarily focused on conducting a comprehensive needs 

assessment study [100-103]. The remaining articles (15/19), while not explicitly centered on this 

step, briefly addressed various components of needs assessment throughout the paper. 

2.2.2.2.1  Target populations and clinical aim 

Most studies (12/15) and protocols (3/4) focused on chatbots for HIV prevention [42-47, 100, 103-

110]. Within this aim, two articles specifically targeted HIV self-testing [43, 105], while three 

addressed prevention at a broader STI/HIV education level [47, 104, 108]. Among the chatbot user 

populations considered were: 

• General population at risk (5 articles) [46, 104-106, 108]. 

• Men who have sex with men (MSM) (5 articles) [42-44, 100, 103], with one article targeting 

Black MSM, and one targeting Chinese MSM.  

• Women at risk (3 articles) [47, 107, 110], including one specifically on Black cisgender 

women [110]. 

• Adolescents and young adults at risk (2 articles) [45, 109].  

Beyond prevention, two articles focused on chatbot use to support the mental health of adolescents 

with HIV [111, 112]. One article aimed to facilitate communication between HIV-related study 

participants and research staff [101], and another focused on assisting community pharmacists 

treating PWH [102]. 
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Table 2.1 Characteristics of the articles and chatbots inlcuded in the review. 

Team Article 
Publication 

year 
Article type Country Chatbot Chabot language 

Van Heerden et al. 
[46] 2018 Research study South Africa Nolwazi English 

[105] 2022 Research study South Africa Nolwazi_bot English & isiZulu 

Nadarzynski et al. [106] 2024 Research study United Kingdom Casa English 

Botti et al. 
[104] 2022 Research study Spain 

VIHrtual-App Spanish 
[108] 2024 Research study Spain 

Population Council 
[47] 2022 Research study Zambia HIV/FP Chatbot English 

[110] 2025 Research study Nigeria Let’s chat! English & Pidgin English 

Zhao et al. 

[100] 2022 Research study Malaysia / / 

[44] 2024 Research study Malaysia Haris English 

[103] 2025 Research study United States / / 

Comulada et al. 
[42] 2023 Research protocol United States TelePrEP English 

[101] 2024 Research study United States / English 

Massa et al. 
[45] 2023 Research study Brazil 

Amanda Selfie Pajubá 
[109] 2025 Research study Brazil 

Galea et al. 
[90] 2024 Research protocol Peru 

E.V.A. Spanish 
[112] 2025 Research study Peru 

Lebouché et al. [102] 2024 Research study Canada / / 

Wang et al. [43] 2023 Research protocol China HIVST-Chatbot Chinese 

Zhang et al. [107] 2024 Research protocol United States / / 
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2.2.2.2.2  Identified needs and expected features 

Across diverse target populations, a consistent set of user needs emerged, reflecting critical gaps 

in current HIV care and aligning with broader digital health priorities. Chief among these was the 

need for accessible, on-demand health information and services. For instance, users seeking HIV 

prevention information hoped that chatbots could answer their questions and provide diverse, 

relevant educational content, including HIV counseling and information on testing, safe sexual 

practices, and pre-exposure prophylaxis (PrEP) treatment [43, 45, 100, 103, 105, 110]. This 

information was expected to be professionally verified for accuracy and reliability [42-45, 100, 

104, 106, 108], and presented in a clear and comprehensive manner [42, 44-46, 104, 105, 108, 110, 

112], with multimodal formats (e.g., text, images, videos, audio) suggested to aid understanding 

[46, 104, 108]. Support for multiple languages was also noted as important for accessibility [45, 

47, 105, 106, 110]. 

Beyond basic question-and-answer functionality, users expected advanced language understanding 

for handling complex scenarios [42, 44, 100, 103, 105], as well as task support through interactive 

prompts [42, 44, 46, 100, 102, 104, 105]. Such tasks included automated appointment scheduling 

[101], setting medication reminders [100], and completing surveys [101]. When necessary, 

chatbots should also facilitate referrals to real external services, such as real-time professional or 

community-based support [43-45, 100, 101, 103, 111, 112]. 

Ease of use was a key user requirement, with users calling for intuitive, user-friendly interfaces 

[44, 47, 100, 102-104, 108, 110, 112]. Suggestions included onboarding guides for new users [100, 

104, 110, 112], and ongoing technical support for troubleshooting [44, 100, 110]. For pharmacists 

supporting PWH, seamless integration into existing workflows was emphasized to avoid creating 

additional technical burdens[102]. Cross-platform accessibility was also considered essential [45, 

47, 100, 101, 108], particularly through channels that are inclusive and friendly to vulnerable 

groups, e.g., MSM [44, 100, 103].  

Privacy and anonymity were especially critical in stigmatized contexts surrounding HIV and sexual 

orientation [43, 44, 46, 47, 100, 103-106, 108, 110, 112]. Users favored anonymous chatbot 

interactions, [44, 46, 100, 103], with some explicitly preferring deployment on neutral platforms 

to avoid disclosing identities or linking to social media accounts [100]. 



18 

 

Finally, emotional support was a key dimension of user expectations [42-46, 100, 103-106, 108, 

110-112]. Many valued the non-judgmental nature of chatbot interactions, especially in contexts 

where stigma is prevalent [42, 44, 45, 100, 103, 105-107]. However, they also raised concerns 

about impersonal or robotic tones in text-based interactions [100, 103], and emphasized the 

importance of engaging end-users in the design process to ensure that communication styles are 

appropriately tailored to their emotional and relational needs [45, 103, 104]. 

2.2.2.3 Design and development 

Across the 19 reviewed articles, eleven distinct chatbots were identified: 1) Nolwazi [46] and 2) its 

updated version, Nolwazi_bot [105], 3) Casa [106], 4)VIHrtual-App [104, 108], 5) a chatbot 

developed by Yam et al. [47], which was further developed into 6) Let’s chat! by the same team 

[110], 7) Haris [44], 8) TelePrEP [42], 9) Amanda Selfie [45, 109], 10) E.V.A. [111, 112], and 11) 

HIVST-Chatbot [43]. The four needs assessment studies and one protocol [107] did not involve the 

development of a specific chatbot product. Table 2.2 summarizes the current status of these 

chatbots based on the selected taxonomy dimensions. 

2.2.2.3.1  Chatbot design taxonomy – Time horizon 

Most chatbots reviewed were designed for short-term use, offering one-time interactions focused 

on specific topics. For instance, Nolwazi [46], Nolwazi_bot [105], Haris [44] and TelePrEP [42] 

guides users through HIV risk screening questions and provide tailored preventive measures based 

on the assessment. The chatbot developed by Yam et al. [47] and Let’s chat! [110] deliver sexual 

health and HIV-related information to patients during clinic wait times. Similarly, Casa [106] and 

VIHrtual-App [104, 108] focus on answering users' questions related to HIV. And E.V.A. [112] 

guides users through mental health screening and assessment video modules within a single session.  

In contrast, only two chatbots support longer-term engagement. HIVST-Chatbot [43], for example, 

is supported by a larger knowledge database to answer users' ongoing questions about HIV risk in 

everyday life. In addition, it recommends and supports HIV self-testing, offering follow-up 

interactions based on test results. Amanda Selfie [45] also operates with a long-term focus. Beyond 

providing HIV prevention-related knowledge, it allows users to freely choose when to receive PrEP 

reminders and proactively asks users if they have picked up their medication from the pharmacy.



19 

 

Table 2.2 HIV care chatbots: current status based on chatbot taxonomy proposed by Janssen et al. [89] and Nißen et al. [90]. 

Chatbot  Article Time horizon 
Primary 

communication style 

Intelligence 

framework 

Front-end 

user 

interface 

User 

assistance 

design 

Personalization 

Nolwazi [46] Short-term Task-oriented Text understanding Telegram Reactive Adaptive  

Nolwazi_bot [105] Short-term Task-oriented Text understanding Telegram Reactive Adaptive 

Casa [106] Short-term Task-oriented Rule-based Website Reactive Adaptive 

VIHrtual-App [104, 108] Short-term Informative Text understanding Website Reactive Adaptive 

HIV/FP Chatbot [47] Short-term Informative Rule-based Website Proactive Static 

Let’s chat! [110] Short-term Informative Rule-based Website Proactive Static 

Haris [44] Short-term Task-oriented / Website / / 

TelePrEP [42] Short-term Informative Text understanding Website Reactive Static 

Amanda Selfie [45] [109] Long-term Task-oriented Text understanding + 
Facebook 

Messenger 
Reciprocal Adaptive 

E.V.A. [90] [112] Short-term Task-oriented Rule-based / Reactive Static 

HIVST-Chatbot [43] Medium-term Task-oriented Text understanding WhatsApp Reactive Adaptive 
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2.2.2.3.2  Chatbot design taxonomy – Primary communication style 

More than half of the reviewed chatbots (7/11) were task-oriented, designed to guide users through 

specific actions. Two focused on promoting HIV risk screening and counseling [46, 106], and 

three further facilitated HIV self-testing [43, 44, 105]. Amanda Selfie focused on promoting HIV 

prevention and pre-exposure prophylaxis (PrEP) administration, and E.V.A. supported mental 

health screening and assessment for youth with HIV [112].  

The remaining chatbots (4/11) provided primarily informative support, either by answering users’ 

questions about sexual health and HIV prevention [42, 104, 108], or by delivering general 

educational content on these topics [47, 110]. 

2.2.2.3.3  Chatbot design taxonomy – Intelligence framework 

Four chatbots used only rule-based frameworks [47, 106, 110, 112], while most relied on NLP to 

interpret user input [42, 43, 46, 104, 105, 108]. Amanda Selfie stood out by combining semantic 

understanding with additional capabilities, i.e., calculating time intervals and medication pill 

counts [45]. No technical details on Haris’ intelligence framework were provided [44]. 

2.2.2.3.4  Chatbot design taxonomy – Front-end user interface 

A wide range of interface options were used across the reviewed chatbots: Amanda Selfie [45] was 

deployed via Facebook Messenger; Nolwazi [46], Nolwazi_bot [105] and HIVST-Chatbot [43] 

used Telegram and WhatsApp, respectively; and six chatbots were accessed through their own 

websites [42, 44, 47, 104, 106, 108, 110]. No interface information was available for E.V.A. [112]. 

Notably, none of these chatbots were deployed on more than one platform. 

2.2.2.3.5  Chatbot design taxonomy – User assistance design 

Most reviewed chatbots (7/11) employed a reactive user assistance design, requiring users to 

initiate and navigate the conversation [42, 43, 46, 104-106, 108, 112]. In contrast, the chatbot 

developed by Yam et al. [47] and Let’s chat! [112] adopted a proactive approach, where the chatbot 

guided the interaction. Amanda Selfie used a reciprocal model, allowing for dynamic, two-way 

exchanges between user and bot [45]. No technical details on Haris’ user assistance design 

approach were reported [44]. 
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2.2.2.3.6  Chatbot design taxonomy – Personalization 

Four chatbots were static, offering no adaptation based on prior user interactions [42, 47, 110, 112]. 

Except for Haris [44], for which no personalization details were reported, all others demonstrated 

some ability to personalize conversations. Nolwazi [46], Nolwazi_bot [105], and HIVST-Chatbot 

[43] adjusted responses based on users’ HIV risk assessments. VIHrtual-App [104, 108], Casa 

[106], and Amanda Selfie [45] used NLP to detect user intent and deliver tailored responses, with 

Amanda Selfie further personalizing interactions through customized medication reminders [45] 

(See Figure 2.2). 

 

Figure 2.2 Cuztomized medication reminders by Amanda Selfie (right). PrEP: pre-exposure 

prophylaxis. Figure extracted from [45]. 

2.2.2.4 Implementation and evaluation approaches 

This section reviews the 11 studies and 4 protocols that involved chatbot development, excluding 

the four needs assessment studies.  

Across the reviewed work, study designs and evaluation approaches varied considerably. One 

study focused solely on technical development, reporting prediction metrics such as precision, 

recall, and F1-score [104]. One protocol did not specify any implementation strategy or study 

design [42]. Among the remaining articles (n = 13), three were pilot observational studies 

conducted in simulated environments with fewer than 30 participants [44, 46, 112]. Six 

observational studies were implemented in real-world settings [45, 47, 105, 106, 108, 110], 
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including one that was followed by a cost analysis [109]. Of the three protocols, one presented a 

randomized controlled trial [43], while the other two outlined observational designs [107, 111].  

In terms of evaluation approach, two studies employed qualitative methods only [46, 112]; four 

studies and two protocols used quantitative methods [43, 45, 106, 108, 109, 111]; and three studies 

along with one protocol adopted a mixed-methods design [44, 47, 107, 110]. 

Finally, theory-based implementation is essential for understanding and improving the success of 

evidence-based practice [113, 114]. However, only two studies explicitly referenced theoretical 

frameworks to guide the outcomes analysis. For example, Haris was evaluated through the Unified 

Theory of Acceptance and Use of Technology (UTAUT) framework to guide the analysis of user 

experience [44]. E.V.A. was evaluated through Sekhon’s framework of healthcare intervention 

acceptability [112].  

2.2.2.5 Evaluation outcomes and challenges 

In terms of evaluation outcomes, most articles (10/13) focused, or were planning, on assessing 

implementation outcomes, mainly feasibility (5 studies, 1 protocol) [44, 46, 47, 105, 110, 111], 

acceptability (5 studies, 1 protocol) [44, 47, 105, 110-112], and usability (3 studies, 1 protocol) 

[44, 107, 108, 110]. One study did a cost analysis [109]. 

Feasibility refers to the extent to which an intervention can be successfully implemented within a 

given context or setting [85]. All studies assessing feasibility concluded that the chatbot 

interventions were feasible within their respective settings. For instance, 7 out of 10 testers 

indicated they would use Nolwazi in the future for HIV counseling and testing support [46], and 

11 out of 14 expressed similar intentions for Haris [44]. Let’s chat! was considered feasible for 

use in clinical waiting areas, with 77% of users reporting that the average session duration 

(approximately 25 minutes) was appropriate and informative.  

Similar positive outcomes were reported in terms of acceptability, which refers to the extent to 

which an intervention is perceived as satisfactory, appropriate, or agreeable by its intended users 

[115]. Most participants (95/120, 79.2%) preferred the Nolwazi_bot over human counselors and 

felt as if they were talking to a real person [105]. All participants who tested Haris (14/14) 

expressed confidence in using the chatbot, and believed others could also quickly learn to use it 

[44]. E.V.A. was also deemed acceptable, with caregiver participants valuing its educational 
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content, self-help tools, and potential to enhance communication with their children, especially 

around HIV diagnosis [112]. 

Usability refers to the degree to which a product enables users to achieve specific goals effectively, 

efficiently, and with satisfaction [116]. Regarding usability, both VIHrtual-App [108] and Haris 

[44] above-threshold System Usability Scale (SUS) [Ref] scores of 85 and 76, respectively, 

surpassing the recommended threshold of 68. Let’s chat! [110] also demonstrated strong usability, 

with 97% of users finding the chatbot content easy to understand. Participants also highlighted its 

user-friendliness, attributing it to its interactive nature, guided response options, and seamless 

operations.  

A limited number of articles (5/13) evaluated or planned to evaluate service outcomes [43, 45, 106, 

108, 110]. For instance, users of VIHtural-App [108] and Let’s chat! [110] demonstrated increased 

knowledge of HIV prevention following chatbot interaction. The HIVST-Chatbot protocol planned 

to assess HIV self-testing uptake and subsequent PrEP linkage following chatbot use [43].  

Amanda Selfie was the only chatbot intervention evaluated through a formal cost-effectiveness 

analysis [109]. Among six youth-targeted HIV prevention strategies in Brazil, it had the highest 

average cost per participant (US$5,572), primarily due to software development costs. Despite this, 

only 16.2% of users who initially interacted with the chatbot accessed PrEP services, indicating 

lower effectiveness in promoting PrEP initiation compared to other digital strategies such as social 

media and dating apps [45]. 

Despite reported positive outcomes of chatbot-based interventions from the reviewed studies 

(n=11), several challenges were also consistently identified. A key technical challenge reported 

across studies is the limited conversational capacity of chatbots, stemming from issues such as 

misunderstanding user input [45, 46, 108, 110], restricted conversation topics [46, 108, 110], and 

reliance on simple decision models [46, 108, 110]. These limitations reduce interactivity, 

personalization, and overall user satisfaction. One-way interaction models, which prevent users 

from freely asking questions, were also noted to diminish engagement [45, 105, 110]. To address 

these limitations, several studies called for more intelligent features, including advanced NLP, 

personalized responses, and mood-adaptive interaction to better meet users’ informational and 

emotional needs [108, 110]. 
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Enhance accessibility and user experience was another priority, several studies emphasized user-

centered design strategies [104, 108, 110] such as accommodating varied digital literacy levels 

[106, 107, 110, 112], simplifying technical language [45], and providing multilingual support [44, 

45]. Additionally, support for external resource links – often critical to guiding users toward care 

– was inconsistently implemented or absent [45, 105]. In addition to conversational improvements, 

users expressed a desire for chatbots to be accessible across different user interface platforms [44, 

45].  

From an implementation perspective, multiple challenges hinder scalability and real-world 

integration. Insufficient team technical capabilities [42, 107, 112] and budget constraints [42] were 

cited as implementation barriers, particularly in low-resource settings. Multiple studies also 

highlighted the need for better dissemination strategies to facilitate recruitment [44, 45, 111]. 

Additionally, studies often relied on pilot-scale samples, raising concerns about generalizability to 

broader populations [43, 44, 47, 107, 110-112]. Looking ahead, many studies called for larger-

scale trials with ongoing monitoring and optimization to assess long-term implementation 

outcomes and clinical effectiveness [42-44, 47, 106, 107, 110-112]. 

2.2.2.6 Responsible AI – SHIFT framework 

On the topic of sustainable AI, eight research teams demonstrated long-term commitment to their 

chatbot initiatives by contributing to two or more related articles (see Table 2.1). A good example 

is the van Heerden team, which completed two versions of the Nolwazi_bot chatbot development 

and conducted tests in 2017 and 2022. This continuity reflects responsible leadership and enhances 

the long-term viability of their AI interventions. Additionally, all chatbot interventions included 

in this review were designed to promote health equity and improve access to HIV prevention and 

care services. These efforts implicitly support social sustainability, particularly in settings with 

limited healthcare resources and among underserved populations. However, economic and 

environmental sustainability were rarely addressed across the reviewed articles. Only one study 

conducted a formal cost-effectiveness analysis of its chatbot intervention and reported the highest 

cost per participant among all evaluated strategies [109]. No articles assessed or planned to assess 

the environmental impact associated with chatbot development or deployment. 

For human-centeredness, nearly all articles (13/19) explicitly positioned chatbots as assistive 

technologies designed to support, rather than replace, human care. Most chatbot interventions 
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aimed to enhance access to information [46], initiate dialogue on sensitive health topics such as 

sexual health or HIV prevention [45, 47, 105, 110], or guide users toward appropriate services [42, 

43, 45, 107, 111, 112]. Several included safeguards for human follow-up, particularly in crisis 

situations involving self-harm or suicidal ideation [47, 105, 110], underscoring a commitment to 

maintaining human oversight. However, a small number of articles [104, 106, 108] did not clearly 

define the chatbot’s role in relation to healthcare providers.  

Inclusive AI emphasizes the importance of participatory design and stakeholder engagement, and 

cultural adaptation to ensure technologies are responsive to the needs of diverse populations. In 

this review, several articles integrated participatory design approaches during chatbot development 

[44, 45, 47, 107, 110-112]. These included iterative workshop sessions [47] and the establishment 

of advisory committees [42, 45, 47, 107, 110-112] to guide decision-making for chatbot 

development. Further, Nadarzynski et al. explicitly implemented a co-development process 

achieved through the patient public involvement approach [106]. Beyond this, two studies and one 

protocol adopted a user-centered approach [42, 104, 108], while Mathur et al. suggested a user-

centric refinement strategy for future development [110]. In contrast, three other articles did not 

report the use of relevant methods [43, 46, 105]. Multiple chatbots (6/11) have been tailored to 

local linguistic and cultural contexts to enhance content relevance and accessibility. For example, 

using isiZulu and English for different age groups in South Africa [105], and Pajubá, a dialect used 

by Brazilian transgender and queer communities [45]. Other chatbots were developed in Spanish, 

or in English with plans for future cultural adaptation [104, 108]. 

No articles reported conducting a formal fairness assessment during data collection or chatbot 

development processes. Despite the lack of data/model fairness assessments, many chatbots were 

explicitly designed to reduce health disparities, e.g., by improving access to HIV testing and care 

among marginalized populations [43-45]. Rupani et al. focused on reducing barriers to mental 

health care among adolescents with HIV[112], while Nadarzynski et al. used the chatbot to address 

disparities in STI prevalence and aimed to advance sexual health equity [106].  

As Arrieta et al. described, an explainable AI is one that provides details or reasons that make its 

functioning clear or easy to understand for a given audience [117]. Across the reviewed articles, 

model explainability assessment was largely absent, with no studies providing detailed 

explanations of chatbot comprehension or decision errors. Furthermore, data privacy and security 
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practices varied significantly. Some articles explicitly referenced compliance with international 

standards, such as the General Data Protection Regulation [104, 108], or the Health Insurance 

Portability and Accountability Act [107]. Others, however, failed to specify any privacy policy or 

security protocols [42-44, 46, 47, 110-112], raising concerns about the protection of sensitive user 

data. 

2.2.3 Discussion: Key gaps and future priorities 

The use of chatbots in HIV care is rapidly expanding. This review identified a modest upward in 

publications over the past four years (2022: 4; 2023: 3; 2024: 7; 2025 [January to June]: 4). 

However, only two studies were conducted in low-income countries, despite these regions bearing 

the greatest HIV burden and standing to benefit most from scalable, low-cost digital health tools 

such as chatbots [118]. Furthermore, the field skewed toward HIV prevention-focused applications, 

with only two articles addressing mental health support for adolescents with HIV. This highlights 

a clear gap across the HIV care cascade [119], particularly in supporting long-term self-

management. 

The diversity among people living with or at risk of infection – including variation in race, gender 

identity, age and sexual orientation – underscores the need to design chatbots that are culturally, 

linguistically, and educationally tailored to marginalized communities most vulnerable to HIV. 

Yet persistent barriers remain. For instance, despite prior needs assessments, Malaysian users 

reported that Haris still required improvement in incorporating Manglish (Malaysian English) [44]. 

Similarly, the use of complex medical terminology has been identified as a barrier to Amanda 

Selfie’s accessibility [45]. These challenges emphasize the importance of inclusive AI systems that 

accommodate diverse literacy levels and language contexts. Participatory design is central to this 

goal. As observed in many chatbot development processes, deepened patient and stakeholder 

involvement, such as co-developing and validating content or participating in iterative testing 

workshops, can improve chatbot relevance, responsiveness, and cultural appropriateness [45, 105, 

110].  

While most chatbots demonstrated strong feasibility and usability, these strengths were largely 

driven by their ability to deliver accessible, reliable information. Functionality, however, remains 

limited. Most chatbots offered shallow, narrowly scoped conversations, which may be insufficient 

for the needs of long-term self-management. Chronic conditions like HIV require ongoing self-
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care, behavior change, and psychosocial support that extend beyond episodic, user-initiated 

dialogues [120]. From a technical perspective, most chatbots in this review were short-term, one-

way, or even purely reactive tools with limited NLP capabilities. Amanda Selfie was the only 

chatbot explicitly designed for long-term interaction, with two-way communication and proactive 

outreach. Still, users reported discomfort when discussing sensitive topics such as daily PrEP use 

and family dynamics [109]. This suggested that simple proactivity – for example, through PrEP-

related reminders – is not enough. Long-term engagement requires more nuanced, context-aware 

dialogue and greater personalization. Without these features, novelty effects fade, and interactions 

become predictable or disengaging [121, 122]. Future chatbot development must prioritize broader 

topic coverage and the integration of more sophisticated AI, e.g., LLMs, to support individualized 

care.  

Empathy is another critical but underdeveloped dimension. Given the stigma and emotional burden 

associated with HIV, chatbots must convey emotional sensitivity in their interactions. Future 

development could incorporate sentiment analysis or emotion recognition algorithms to tailor 

empathetic responses. However, chatbots should not be viewed as substitutes for human care. 

Clear escalation protocols are essential to ensure appropriate human intervention in emergencies, 

reinforcing the principle of human-centered AI. 

Figure 2.3 maps the reviewed articles across the digital health intervention lifecycle. While 

implementation and evaluation efforts are increasing, most initiatives remain in early stages, 

including three pilot studies conducted in simulated environments. Most reviewed articles (10/19) 

focused on short-term feasibility or usability, with few progressing to large-scale implementation. 

Future research should prioritize the reporting of longitudinal implementation metrics (e.g., 

fidelity, adoption, cost-effectiveness [79]) and clinical outcomes. Moreover, the limited use of 

standardized frameworks to guide implementation assessment and the over-reliance on 

quantitative methods have constrained insight into real-world effectiveness. Mixed-methods 

approaches that integrate objective metrics with participant perspectives would provide a more 

comprehensive understanding of chatbot performance [123, 124]. Theory-informed, longitudinal 

study designs would be essential to facilitate the sustained assessment of chatbot interventions and 

support translation of such innovations into routine HIV care. 
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Figure 2.3 Mapping of reviewed articles across the digital health intervention lifecycle. 

Beyond implementation sustainability, the economic and environmental impacts of chatbot 

development must also be considered. For example, Amanda Selfie showed limited economic 

benefits [45], while Braddock et al. [42] highlighted financial and staffing constraints that hindered 

the development of more advanced algorithms. Moreover, advanced models require significant 

computational resources, raising environmental concerns [41]. Training large models for chatbot 

development can generate considerable carbon emissions, yet few studies report energy use or 

carbon footprint [125, 126]. Greater transparency in reporting the development process, including 

the environmental footprint, would help to clarify how responsible, resource-efficient AI 

development can be carried out and is critical to promoting sustainable AI innovation in healthcare.  

Finally, fairness and transparency remain under-addressed. Multiple studies revealed that potential 

biases in training data or system behavior may inadvertently reinforce inequities [71, 127]. As 

chatbots move toward more adaptive, AI-driven systems, integrating fairness-aware design and 

evaluation practices would be essential to avoid reinforcing existing inequities. Furthermore, the 

absence of model explainability assessment and inconsistent data privacy and security practices 

limit transparency and trustworthiness. Collectively, these gaps highlight the need for stronger 

safeguards around fairness, interpretability, and transparency, particularly in real-world 

deployments. 
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2.3 LLM application in chronic disease self-management 

The rapid advancement of LLMs has significantly transformed the development and capabilities 

of traditional chatbots. To further expand their utility, more sophisticated algorithms are needed to 

enable greater personalization, contextual understanding, and clinical relevance. This section 

reviews recent applications of LLMs in chronic disease self-management, including the more 

specific context of HIV care, published between January 1, 2021, and June 30, 2025, with the aim 

of identifying how these tools can support self-management and inform their integration into AI-

driven chatbots. 

In HIV care, the use of LLMs remains limited. A recent scoping review highlighted gaps in their 

integration with digital health tools and a lack of engineering-oriented development guidance [128]. 

Nonetheless, several early efforts have tested their applicability. BERTina is a BERT-based proof-

of-concept model capable of answering basic HIV-related questions [129]. Koh et al. evaluated 

ChatGPT-3.5 for ART counseling and found it delivered accurate, guideline-consistent 

information but lacked contextualized recommendations, consistency of responses in complex 

scenarios, and reference to information sources [130]. Similarly, De vito et al. assessed ChatGPT’s 

performance on HIV prevention topics, reporting high accuracy (88.4% of responses scored ≥ 5/6), 

but noted a lack of socio-political context and inclusivity, underscoring the need for AI tools that 

that are not only accurate but also equitable and context-aware [131]. 

Beyond HIV, LLMs have demonstrated broader utility in chronic disease self-management. They 

have been used to generate tailored health recommendations, simplify clinical language, and 

support patient education. For instance, GPT-4o significantly improved the readability, 

correctness, and relevance of cardiology discharge summaries compared to original versions 

(p < 0.001), although personalization remained limited [132]. In musculoskeletal care, GPT-4 

generated self-management plans for knee osteoarthritis that outperformed clinician-generated 

materials in accuracy, personalization, and comprehensiveness, though vocabulary complexity 

posed challenges for patients with limited health literacy [133]. 

Furthermore, a recent review of twenty LLM applications in chronic disease management found 

an overall accuracy of 71% in generating relevant and understandable health recommendations, 

although performance dropped to 50% for certain conditions such as hepatocellular carcinoma 

[134]. Reported limitations included hallucinations, limited informational depth, and inability to 
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support long-term behavior change. The review called for domain-specific model fine-tuning, 

integration of high-quality multimodal data, and rigorous clinical trials to enable the safe and 

effective deployment of LLMs in chronic care contexts. 

Hybrid models are a potential approach that could further improve LLM utility. The CaRiFaM 

system combined a deep-learning long short–term memory (LSTM) model for cardiovascular risk 

prediction with GPT-4o to generate personalized recommendations [135]. This hybrid approach 

achieved 91% accuracy and 92% clinical guideline consistency, with most users reporting that the 

explanations were clear and useful. Similarly, DeepDR-LLM integrated a transformer-based 

model for diabetic retinopathy image analysis with an LLM to provide tailored self-management 

recommendations [136]. In a prospective study, 64% of patients were more likely to follow 

DeepDR-LLM’s guidance over that of primary care physicians, indicating its potential to enhance 

patient engagement and promote proactive self-management behaviors. 

To summarize, despite the limited body of work to date, these early applications show promising 

potential for LLMs in chronic disease self-management. Emerging evidence suggests that hybrid 

approaches – combining chatbots with domain-specific model fine-tuning for targeted tasks – may 

offer the most effective path forward.  
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CHAPTER 3 RESEARCH OBJECTIVES AND STRATEGY  

3.1 Research objectives 

AI-based chatbots are evolving rapidly and there is growing interest in their applications in 

healthcare. However, their integration into HIV care to support long-term self-management 

remains limited. These tools offer significant potential to provide accessible, scalable, and 

personalized support for PWH as they navigate complex self-management tasks. Realizing this 

potential requires moving beyond short-term, narrowly scoped tools. It means pursuing solutions 

that are co-developed with PWH, enhanced by LLMs to enable more intelligent and personalized 

support, and grounded in implementation science to ensure they are deployed in ways that are 

usable, equitable, and clinically relevant. 

To address these opportunities and challenges, this thesis seeks to answer the following 

overarching research question: 

This investigation is guided by the following research objectives: 

Primary objective [PO]: Design and Develop a chatbot-based personalized healthcare tool to 

support self-management among PWH using participatory design approach. 

• Sub objective 1 [SO1]: Design and develop a methodological framework to guide the co-

development, implementation, and evaluation of the chatbot. 

• Sub objective 2 [SO2]: Co-design and co-develop a chatbot that supports the daily self-

management needs of PWH. 

• Sub objective 3 [SO3]: Assess the real-world feasibility and usability of the developed chatbot 

among PWH. 

• Sub objective 4 [SO4]: Design, develop, and validate an LLM-based triage tool to personalize 

the chatbot’s support. 

What are the key considerations in designing, developing, and implementing an AI-based 

chatbot to support the self-management of people with HIV in real-world care settings? 
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3.2 Strategy and methodology 

3.2.1 Participatory design approach 

This patient-oriented project combines expertise in medicine, pharmacy, lived experience of HIV, 

design engineering, and software development. Given its multidisciplinary scope and patient-

centered focus, the project adopted a participatory design approach throughout all phases [137]. A 

design committee – comprising physicians, pharmacists, social workers, community 

organizations, researchers, and, most importantly, PWH – was established to guide the 

participatory design process. 

The committee was actively involved throughout the project, from the initial identification of user 

needs and the evaluation of design parameters to the final assessment of the chatbot. Meetings 

were held every two to three months, typically lasting 60 minutes, with additional email 

communication as needed to address specific questions between the research team and committee 

members. This collaborative structure not only ensured that patient needs were consistently 

prioritized but also contributed to addressing equity and diversity considerations, ultimately with 

the goal of supporting the development of a more inclusive and effective chatbot intervention. 

3.2.2 Digital health intervention lifecycle 

The design and development of the chatbot followed the digital health intervention lifecycle 

introduced in Section 2.2.1.1, comprising four iterative phases: needs assessment, design and 

development, implementation, and evaluation [89, 94]. While the initial needs assessment was 

conducted prior to this PhD project [138, 139], the three articles forming this thesis are each 

aligned with one or several phases of this lifecycle. This framework provided a structured 

foundation for the chatbot development strategy and ensured that the work adhered to best 

practices in digital health intervention development. 

3.2.3 Responsible AI – SHIFT framework  

The chatbot development was also informed by the SHIFT framework for responsible AI [92], 

described in Section 2.2.1.3. This framework outlines five guiding principles for responsible health 

AI: sustainable, human-centered, inclusive, fair, and transparent. These principles served as a 
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values-based lens for guiding chatbot development choices and supported the creation of an AI 

intervention that prioritized social responsibility alongside technical performance. 

3.3 Summary of articles 

The following section provides a brief overview of the three articles that form the core of this 

thesis. Each article addresses a different aspect of developing an AI-based chatbot to support HIV 

self-management. Together, they span the entire development lifecycle of a digital health 

intervention. 

Article 1: Adapting and Evaluating an AI-Based Chatbot Through Patient and Stakeholder 

Engagement to Provide Information for Different Health Conditions: Master Protocol for 

an Adaptive Platform Trial (the MARVIN Chatbots Study) – SO1 and SO2 

To address SO1, the first manuscript introduces a master protocol based on a three-phase adaptive 

platform trial design to guide the co-development, implementation and evaluation of MARVIN 

across different clinical contexts. Phase 1 involves co-construction through needs assessments, 

interdisciplinary workshops, and iterative development. Phase 2 employs mixed methods to 

evaluate usability and acceptability using validated instruments and group interviews informed by 

the Technology Acceptance Model (TAM) and the Nonadoption, Abandonment, and challenges 

to the Scale-up, Spread, and Sustainability (NASSS) framework. Phase 3 assesses real-world 

implementation by measuring usability, acceptability, appropriateness, adoption, and fidelity, and 

triangulating these findings with qualitative user feedback analyzed through the NASSS 

framework. Longitudinal stakeholder interviews are conducted throughout to assess the impact of 

their involvement. From July 2022 to October 2023, this approach supported four substudies (HIV, 

pharmacy-based HIV care, breast cancer, and pediatric infectious diseases). As the first digital 

health master protocol of its kind, it supports scalable chatbot development and real-world 

evidence generation, while accelerating patient access to advanced chatbot interventions and 

remaining responsive to evolving AI and regulatory landscapes through centralized management. 

This manuscript also addresses SO2 by presenting the methodology used to design and develop 

MARVIN, an AI-based chatbot designed to support self-management in PWH. Co-developed with 

PWH and other stakeholders, MARVIN provides self-management support across over 30 topics. 

Its NLP system includes a transformer-based model for entity recognition and intent classification, 
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a FallbackClassifier to manage incomprehensible inputs, and a hybrid dialogue management 

module combining memory-based and rule-based strategies. Responses are drawn from a 

knowledge base co-created with PWH and stakeholders. MARVIN has been deployed on 

Facebook Messenger, with its data confidentiality and security protocols detailed in the master 

protocol. In addition, an external regulatory committee has been established to support ethical 

oversight and respond to emerging challenges in health AI. 

Article 2: The First AI-based Chatbot to Promote HIV Self-Management: A Mixed Methods 

Usability Study – SO3 

The second manuscript addresses SO3 through a mixed-methods study assessing MARVIN’s real-

world feasibility, usability, and acceptability among PWH. Over a 3-week pilot, 28 participants 

were asked to engage in 20 conversations with the chatbot on predefined self-management topics, 

yielding a 70% retention rate 28/40). Mean usability scores exceeded the threshold of success 

(69.9/68), and mean acceptability was very close to target (23.8/24). Participants gave positive 

ratings across TAM subconstructs, including perceived ease of use, perceived usefulness, attitude 

towards use, and behavioral intention to use. Qualitative findings indicated that MARVIN was 

perceived as easy to use, emotionally safe, confidential, and a trusted source of real-time expert-

validated advice. Noted limitations included challenges in chatbot comprehension, limited topic 

coverage, lack of memory features, alongside concerns about reliance of Facebook Messenger. 

Overall, the study confirms MARVIN’s feasibility and usability in real-word settings and 

highlights key areas for improvement. 

Article 3: Large Language Model-Based Triage to Identify Antiretroviral Therapy 

Adherence Barriers and Risks in Patient Messages – SO4 

To address SO4, the third manuscript focused on ART adherence barriers, a crucial self-

management challenges for PWH. The study investigated optimal strategies for designing and 

developing an LLM-based triage solution to identify ART adherence barriers (e.g., thoughts and 

feelings, habits, social or economic situations) and associated risk levels (high, medium, low, or 

none) from unstructured patient messages. Fine-tuned Flan-T5-xl achieved the best performance 

for barrier detection (Macro-F1=0.83), while Flan-T5-large performed best for risk level detection 

(Macro-F1=0.80). Fine-tuned general-domain models significantly outperformed clinical 
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foundation models (P<0.001; Δ Macro-F1: -0.02 to -0.11) and GPT-4.1 and other large-scale open-

source LLMs in zero-/five-shot settings (P<0.001; Δ Macro-F1: -0.07 to -0.38). To promote 

equitable and sustainable healthcare AI, the study conducted further fairness analyses and 

measured energy consumption and carbon footprints. Results showed that fine-tuned models 

demonstrated better reliability in minimizing disparities across sociodemographic descriptors and 

consumed approximately 30 times less energy than GPT-4.1. These findings highlighted the 

potential of LLM-based tools for adherence monitoring and the need for careful model selection, 

bias mitigation, and environmental sustainability in healthcare AI development. 
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4.1 Abstract 

Background: Artificial intelligence (AI)–based chatbots could help address some of the 

challenges patients face in acquiring information essential to their self-health management, 

including unreliable sources and overburdened health care professionals. Research to ensure the 

proper design, implementation, and uptake of chatbots is imperative. Inclusive digital health 

research and responsible AI integration into health care require active and sustained patient and 

stakeholder engagement, yet corresponding activities and guidance are limited for this purpose. 

Objective: In response, this manuscript presents a master protocol for the development, testing, 

and implementation of a chatbot family in partnership with stakeholders. This protocol aims to 

help efficiently translate an initial chatbot intervention (MARVIN) to multiple health domains and 

populations. 

Methods: The MARVIN chatbots study has an adaptive platform trial design consisting of 

multiple parallel individual chatbot substudies with four common objectives to: (1) co-construct a 

tailored AI chatbot for a specific health care setting, (2) assess its usability with a small sample of 

participants, (3) measure implementation outcomes (usability, acceptability, appropriateness, 

adoption, and fidelity) within a large sample, and (4) evaluate the impact of patient and stakeholder 

partnerships on chatbot development. For objective 1, a needs assessment will be conducted within 

the setting involving four 2-hour focus groups with 5 participants each. Then, a co-construction 

design committee will be formed with patient partners, health care professionals, and researchers 

who will participate in 6 workshops for chatbot development, testing, and improvement. For 

objective 2, 30 participants will interact with the prototype for 3 weeks and assess its usability 

through a survey and 3 focus groups. Positive usability outcomes will lead to the initiation of 

objective 3, whereby the public will be able to access the chatbot for a 12-month real-world 

implementation study using web-based questionnaires to measure usability, acceptability, and 

appropriateness for 150 participants and meta-use data to inform adoption and fidelity. After each 

objective, for objective 4, focus groups will be conducted with the design committee to better 

understand their perspectives on the engagement process. 

Results: From July 2022 to October 2023, this master protocol led to four substudies conducted 

at the McGill University Health Centre or the Centre hospitalier de l’Université de Montréal (both 

in Montreal, Quebec, Canada): (1) MARVIN for HIV (large-scale implementation expected in 
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mid-2024), (2) MARVIN-Pharma for community pharmacists providing HIV care (usability study 

planned for mid-2024), (3) MARVINA for breast cancer, and (4) MARVIN-CHAMP for pediatric 

infectious conditions (both in preparation, with development to begin in early 2024). 

Conclusions: This master protocol offers an approach to chatbot development in partnership with 

patients and health care professionals that includes a comprehensive assessment of implementation 

outcomes. It also contributes to best practice recommendations for patient and stakeholder 

engagement in digital health research. 

Trial Registration: ClinicalTrials.gov NCT05789901 

https://classic.clinicaltrials.gov/ct2/show/NCT05789901 

4.2 Introduction 

4.2.1 Background 

Self-management is key to patient health, and interventions to promote it are being increasingly 

implemented in the delivery of health care. Effective self-management involves multiple aspects, 

including problem-solving, decision-making, resource use, patient–health care professional 

partnership building, and taking action [1,2]. To improve self-management, patients often seek 

guidance from health care professionals, staff and volunteers from community organizations or 

peers, and a variety of internet resources [3,4]. However, the availability of these actors and 

resources can be inconsistent. Moreover, information encountered on the internet varies in quality 

[5-7]. From reliable but complex scientific articles to opinion blogs or outdated web pages, these 

sources do not always provide the clearest, most accurate or reassuring guidance. The importance 

of self-management has been further highlighted by the COVID-19 pandemic, which introduced 

additional barriers to access regular follow-up [8] and exposed individuals worldwide to an 

infodemic [9,10]. 

In addition to these challenges, frontline professionals are often confronted with complex questions 

from patients regarding treatment instructions, comorbidity management, side effects, and drug 

interactions. However, in the context of swiftly evolving knowledge and overwhelming workloads, 

health care professionals may not have sufficient expertise and time for certain questions [11,12]. 

Their responses may vary depending on their individual training, proficiency, and clinical 
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experience. Rapidly obtaining accurate and clear health information and relaying it to patients can 

be a daunting challenge for professionals. 

Safe and effective digital health interventions could help address the limitations of existing self-

management or care support. A particularly promising avenue is the emergence of artificial 

intelligence (AI)–based chatbots—software applications that interact with users through simulated 

human text or voice conversations via smartphones or computers. Often harnessing AI to enable 

natural language interpretation and assist in decision-making, such tools possess the potential to 

revolutionize patient self-management and support [13]. They can be applied to diverse platforms 

to foster mutually beneficial outcomes for health systems and patients, including less time spent 

in hospitals, outpatient efficiency, and personalized treatment [9]. 

Successful implementation of an intervention (ie, positive implementation outcomes) is necessary 

to achieve desired changes in clinical or service outcomes [14]. Multiple studies have investigated 

the implementation of health-oriented chatbots, including in the areas of mental health support 

[15-17], problematic substance use treatment [18], cirrhosis patient education [19], and asthma 

self-management [20]. Nevertheless, such studies have typically focused on feasibility and 

usability in small-scale prototype implementations [22-24]. Digital health products are often dealt 

with through an “implement now, clinically validate later” ethos [25] as they encompass a large 

number of different technologies. Thus, there is no clear consensus on methods for assessing the 

clinical effectiveness of digital health interventions [25], and data on the impact of chatbot 

interventions on clinical outcomes are scarce [26]. Large user samples are necessary to gain more 

robust insights into chatbot implementation. In-depth studies including other valuable 

implementation (eg, fidelity, appropriateness, sustainability, and cost-effectiveness) and clinical 

(eg, safety, effectiveness, and efficacy) outcomes will also be critical for scaling up and long-term 

adoption of chatbot interventions. 

Finally, very little engagement of stakeholders, including patients and health care professionals, 

has led to poor usability and low adoption of many digital health interventions [27]. In the context 

of chatbot development, a scoping review investigating patient engagement revealed limited 

involvement of patients and insufficient reporting of the relevant activities [28]. Among the 16 

studies included, only 8 mentioned patient engagement, with just 3 offering adequate details on 

the methods and approach used. The authors also pointed out that future chatbot development 
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would need to integrate multifaceted means of patient participation and document them 

thoroughly. Stakeholders should be engaged in defining research objectives and designing 

interventions tailored to their needs [29]. According to the patient-public partnership continuum 

proposed by the Montreal model [30], this inclusivity can be extended to “co-construction,” where 

patients and stakeholders are involved throughout the process. Meanwhile, to answer the many 

questions raised by the use of intelligent machines and ensure that AI develops in harmony with 

democracy, the responsible integration of AI necessitates a co-construction process [31]. Engaging 

end users in discussions about the challenges posed by AI and drawing on their lived experiences 

can reveal key aspects of digital health research that might otherwise be overlooked [32], thus 

better paving the way for success. 

Since 2020, led by YM, SA, and B Lebouché, an innovative chatbot named Minimal 

AntiRetroViral INterference (MARVIN) has been in development for people with HIV. Through 

a co-design approach involving patients and stakeholders, MARVIN aims to facilitate 

antiretroviral therapy self-management. The authors’ team subsequently trialed the MARVIN 

chatbot among people with HIV and validated its usability and acceptability [21]. Given the initial 

success of MARVIN among people with HIV, we intend to build on this pilot study to increase 

MARVIN’s areas of specialization and continue to develop our algorithms to improve MARVIN’s 

intelligence, thereby expanding its reach and potential benefits to a broader audience. 

4.2.2 Aim and objectives 

Grounded in patient and stakeholder engagement strategies and implementation science, this 

protocol aims to describe the methods and tools necessary to efficiently develop the innovative 

MARVIN chatbot interventions across multiple health domains and populations and assess their 

implementation for robust and widespread use. The study’s primary objectives are to co-construct 

versions of MARVIN adapted for different health conditions and target populations (objective 1, 

development), assess their global usability (usability and acceptability) in a small participant 

sample context (objective 2, usability), and measure implementation outcomes (usability, 

acceptability, appropriateness, adoption, and fidelity) in the context of a large sample (objective 3, 

implementation) through a mixed methods approach in the respective setting of each chatbot. The 

secondary objective is to evaluate the impact of different stakeholder partnerships established for 
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the aforementioned objectives on the development of the AI health care chatbots (objective 4, 

partnership evaluation). 

4.3 Methods 

4.3.1 Study design 

This multicenter study follows the CONSORT (Consolidated Standards of Reporting Trials) 

extension for pilot and feasibility trials [33], CONSORT-EHEALTH (Consolidated Standards of 

Reporting Trials of Electronic and Mobile Health Applications and Online Telehealth) [34], and 

CONSORT-AI (Consolidated Standards of Reporting Trials–Artificial Intelligence) [35] 

guidelines (Multimedia Appendices 1-3 [33]), as well as the Montréal Declaration for a 

Responsible Development of Artificial Intelligence [31] regarding the ethical conduct of research 

involving humans and AI. 

The study is presented in the form of a master protocol, defined as a single overarching design 

developed to evaluate multiple hypotheses with the overall goal of increasing efficiency and 

establishing uniformity through the standardization of procedures in the development and 

evaluation of different interventions [36]. This master protocol will encompass multiple parallel 

individual chatbot projects sharing the MARVIN chatbot technology, subsequently referred to as 

“substudies.” The chatbot of each substudy is considered as a distinct intervention as it will 

integrate specific features or content tailored to the corresponding health care setting (health 

condition and target populations). The chatbots will be implemented in these different populations 

without control groups. 

To accommodate this, we used an adaptive platform trial design, which combines features of both 

basket trials (designed to test a single intervention in different populations) and platform trials 

(designed to test multiple interventions in the context of a single disease) [37]. As defined by the 

US Food and Drug Administration, an adaptive platform design is appropriate for our trial as it 

allows for flexibility in managing multiple interventions adapted to different populations while 

enabling the early removal of ineffective interventions and introduction of new interventions based 

on interim data [38]. 

As shown in the example in Figure 4.1, substudy arms targeting different conditions can be 

initiated at different time points. The substudies are independent of each other, and their processes 
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are illustrated in Figure 4.2. Objectives 1 to 3 will be completed in a sequential manner, whereas 

objective 4 will be assessed throughout the process. A decision will be made on whether to 

continue with the same chatbot intervention version in objective 3 (implementation) based on the 

results of objective 2 (usability). In addition, there is no initial fixed duration or sample size for 

each substudy. 

This master protocol outlines the common elements of the individual chatbot substudies in terms 

of objectives and processes. Concurrently, each substudy will have its own subprotocol describing 

more specific standardized operational structures; additional inclusion and exclusion criteria; 

recruitment and selection methods; and data collection, analysis, and management. All 

subprotocols will be managed as appendices to this master protocol and will be subject to further 

review by the research ethics board (REB) as they are ready. In addition, certain criteria of the 

master protocol may be redefined by the research team based on progress in each substudy and 

submitted as amendments to the REB for review for subsequent application to all substudies. 

4.3.2 Ethical considerations 

This study received approval from the McGill University Health Centre (MUHC) REB on August 

9, 2023 (approval MP-37-2023-9333); the Centre hospitalier de l’Université de Montréal REB 

(approval MEO-37-2024-11732) on October 13, 2023; and the Polytechnique Montréal REB 

(approval CER-2324-29-D) on October 10, 2023, and is registered in the ClinicalTrials.gov 

database (NCT05789901). 

4.3.3 Settings and participants 

This study will be conducted at the MUHC and the Centre hospitalier de l’Université de Montréal, 

both located in Montreal, Quebec, Canada. The study participants include patients and health care 

professionals, who will be the end users of the chatbots. 
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Figure 4.1 Adaptive platform trial design without control group. 

 

Figure 4.2 Study steps for each substudy. 
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4.3.4 Eligibility criteria 

The primary inclusion criteria for participants are as follows: (1) age of ≥18 years; (2) fluency in 

English or French; (3) ability to understand the requirements of study participation and provide 

oral and written informed consent before and during the implementation of the study; (4) access 

to a smartphone, tablet, or computer in a private environment; and (5) access to an internet 

connection or data plan on their device. Specific to objectives 2 (usability) and 3 (implementation), 

additional inclusion criteria are (6) acceptance of using or creating a personal Facebook (Meta 

Platforms) account, (7) acceptance of using a Facebook Messenger-based chatbot, and (8) 

acceptance of Facebook’s privacy and data security policies. 

Participants may not take part if they (1) are affected by a cognitive deficit or medical instability 

that prevents them from participating in any aspect of the study and (2) self-report being 

insufficiently able to use the chatbot with the technical support provided. For objectives 2 

(usability) and 3 (implementation), the patient partners involved in the co-construction design 

committee (defined in the following section) will not be able to participate in either phase. 

4.3.5 Recruitment and sample size justification 

Objectives 1, 2, and 3 will use convenience sampling to recruit participants through different 

channels, including clinics, patient foundations, community-based organizations, and professional 

associations [39]. For example, patient participants will be introduced to the study by their health 

care service provider (eg, physician, nurse, or social and community worker) during their visits. 

Informational materials such as study flyers and a video (Multimedia Appendix 4) showcasing the 

MARVIN chatbot will be disseminated via email, newsletters, or a website. 

Participants will be required to consent before engaging in each objective. For objectives 1 

(development) and 2 (usability), interested individuals can reach out to the study coordinator. 

Detailed study procedures, eligibility checks, and consent collection will be facilitated by the study 

coordinator for those expressing interest. Verbal consent may be adopted for participants who 

continue from objective 1 to objective 2. This will be obtained remotely through teleconference 

with an impartial witness to ensure compliance with all aspects of free and informed consent. 

Following the co-construction approach [31], a co-construction design committee consisting of 

researchers, health care professionals, and volunteer patient partners will be formed starting from 
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objective 1 to carry out the subsequent development. The sample size for objective 1 is 20 

participants to ensure saturation for the needs assessment focus groups [40], whereas 30 

participants will be recruited to complete the corresponding usability test for objective 2. This 

sample size is common for pilot studies and satisfies the minimum size recommended in the 

literature [41,42]. 

For objective 3 (implementation), an optimized version of the chatbot will be accessible from the 

web around the clock, 7 days a week for translational research. As currently the MARVIN chatbots 

will be only released in Canada, recruitment will be exclusive to the Canadian population, and 

participants will engage in an electronic consent process through the MARVIN chatbots. Before 

using the chatbot, individuals will be required to review and accept MARVIN’s privacy policy 

(Multimedia Appendix 5). Subsequently, they will be asked to review an electronic version of the 

information and consent form and then answer the following verification questions for eligibility 

criteria 1 to 3 via the chatbot: (1) Are you at least 18 years old? (2) Are you comfortable using 

English or French while communicating with the chatbot? (3) Do you agree to participate in the 

study as described above? The remaining criteria (4 to 8) will be met once users connect to the 

chatbot. Should participants agree to participate, their responses will be securely recorded in a 

separate encrypted database on the MARVIN cloud servers and synchronized to the electronic 

enrollment log. If users opt not to participate, no records will be kept. As a Facebook account will 

be a prerequisite for using the chatbot, no further measures will be taken to detect or prevent the 

possibility of multiple identities. The target sample size of 30 to 150 participants was obtained 

based on the usability, acceptability, and appropriateness outcomes, which are considered key 

outcomes for this objective. The analysis involves a 1-sided Student t test (1-tailed) evaluating 

whether the corresponding average attains a predetermined threshold. A power analysis for a 1-

sample t test is then performed, with 80% power and a 5% significance level. Within the targeted 

sample size (30≤n≤150), small to moderate standardized effect sizes (0.2≤Cohen d≤0.5) are 

detectable in the total sample with the aforementioned statistical power. 

Regarding objective 4 (partnership evaluation), upon completion of each objective, an email 

invitation will be sent to organize focus groups with stakeholders involved in the chatbot co-

construction design committee. 
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The information and consent forms outline detailed study procedures, anticipated benefits, and 

potential risks. All template versions are available in Multimedia Appendix 6. Participants may 

withdraw from the study at any time after providing informed consent. This information will be 

recorded in the electronic enrollment log, and the related privacy management and protection 

measures will be detailed later. To protect the participants’ personal data and identity, no 

identifying information will appear in any manuscript or report from this study. 

4.3.6 Intervention: Status Quo of the MARVIN Chatbot 

4.3.6.1 Overview 

Running on Messenger 24/7 for free [43], MARVIN was created as a bilingual chatbot in both 

English and French trained to converse with people with HIV on the following self-management 

aspects: (1) guidance for antiretroviral therapy medication (with regard to time management, 

dosing, drug interactions, and medication reminders, among other things), (2) antiretroviral 

therapy management when traveling, and (3) common HIV-related knowledge (eg, symptoms, 

modes of transmission and prevention, and vaccination recommendations). 

The team conducted the first pilot project (MUHC REB 2021-7191) in April 2021 with 28 people 

with HIV receiving treatment at the MUHC. The study results showed that MARVIN was tailored 

to patient requirements and was easy to use and approachable but that the chatbot’s comprehension 

had limits [21]. For example, if a patient asked a question that was outside the range of topics in 

the question bank or was worded differently, the chatbot did not always understand it. Nonetheless, 

considering the development phase, participants reported being satisfied with MARVIN and 

mentioned that they intended to use it. Thus, by talking to the on-call chatbot, people with HIV 

could obtain the information they needed for self-management. 

4.3.6.2 AI algorithms and strategies 

MARVIN is currently being developed using the Rasa platform (Rasa Technologies Inc), an open-

source machine learning framework for automating text- and voice-based virtual assistants [44]. 

As shown in Figure 4.3, MARVIN’s architecture comprises 3 distinct modules: natural language 

understanding, dialogue management, and response selection. Together with a self-built 

knowledge database, these modules are used to process the message input and generate the 

message output. 
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Figure 4.3 Operation process of MARVIN. 

The acceptable input data include natural language in text form as well as some auxiliary 

expressions commonly used for chatting (eg, emojis such as the thumbs up, smiley face, and sad 

face). The initial natural language understanding module allows MARVIN to semantically process 

the input messages through different algorithms such as text preprocessing, entity extraction, and 

intent classification. The current training data set encompasses a corpus of >3000 questions 

covering >30 topics. Figure 4.4 shows an example of text processing. The entity extraction 

mechanism enables the chatbot to obtain structured information (eg, date, time, and medication 

name) from the input messages, whereas intent classification helps MARVIN discern the purpose 

of the information received. 

In particular, MARVIN adopts the FallbackClassifier algorithm as a fail-safe measure for 

unprocessable input forms such as images, videos, and sounds. It is also activated when the 

confidence level of the anticipated intent falls below an established threshold. If the input remains 

incomprehensible after 2 attempts, the chatbot responds in a uniform manner: “I’m sorry, I can’t 

understand your question right now. Please contact a healthcare professional if you need to.” As 

illustrated in Figure 4.5, this approach reduces the probability of the chatbot taking incorrect 

actions when confronted with ambiguity. 
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Figure 4.4 Example of text processing in MARVIN. 

 

Figure 4.5 Examples of MARVIN handling bad inputs: (A) fallback policy; (B) redirection after 

2 failed attempts. 
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The machine learning–driven conversation management determines MARVIN’s subsequent 

actions based on the input message and context in the conversation. A hybrid strategy of the 

memoization policy and rule policy was adopted [45]. The memoization policy remembers the 

decision trees from the training data and predicts the next action in conjunction with the derived 

intention: asking clarifying questions, providing tailored answers, and taking a fallback action. 

MARVIN can also remember and analyze a certain number of rounds of dialogue to support the 

prediction. Meanwhile, the rule policy handles pieces of conversation that should always follow 

the fixed behavior defined in the training data (eg, question: What is ART? answer: It means 

AntiRetroviral Therapies). 

The final response selection module enables MARVIN to select messages predefined by the health 

care team as output messages. All the data required for processing by the first 3 modules are stored 

in the knowledge database—after each decision is made in the processing module, MARVIN 

communicates with the database to compare, extract, or save the data. All data are selected, edited, 

and validated by the medical team and then processed and added to the database by the 

development team. Data types include the previously mentioned antiretroviral therapy 

management–related information, decision trees for different problem scenarios, and predefined 

answers. An example of response selection from predefined answers in MARVIN is shown in 

Figure 4.6. 

Figure 4.6 Conversation example with MARVIN. 
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4.3.6.3 Content development and improvement process 

To train MARVIN to understand different types of questions and provide relevant and accurate 

answers, we assembled a multidisciplinary team of 2 clinicians (ML and B Lebouché), 2 

pharmacists (B Lemire and RT), 4 patients, 2 engineers (YM and SA), and multiple developers. 

Each group’s expertise played a crucial role in chatbot content development and continuous 

improvement: (1) health care professionals validated the medical accuracy of the answers and 

information given by the chatbot; (2) together with patient partners, they collaborated to identify 

common self-care challenges; (3) engineers then assisted in building decision models and 

preparing chatbot training data based on identified problems; and (4) finally, engineers and patients 

collaborated on testing and refining the chatbot based on feedback, completing the 

interdisciplinary cycle. This multidisciplinary team allowed us to ensure the accuracy and quality 

of the information provided as well as conduct holistic research and ongoing evaluation of the 

chatbot to promote its long-term usability. 

4.3.6.4 The interface 

Messenger has 1.3 billion monthly active users worldwide exchanging 8 billion messages per day 

[46]. This indicates a robust familiarity with the Messenger interface among the population, 

simplifying their grasp of the platform’s specifications and interaction capabilities, ultimately 

favoring the uptake of the MARVIN chatbots. In addition, the versatility of Messenger, compatible 

across smartphones, tablets, and desktops, reduces the potential risk of participant exclusion 

because of hardware limitations. Nevertheless, the privacy concerns brought up with Facebook in 

the past may make people hesitant, which could be one of the potential barriers to the 

implementation of Messenger for health purposes. Indeed, other user interface options such as a 

stand-alone mobile app, a web page, or other third-party applications (eg, Telegram or Instagram) 

are under consideration. As the study proceeds and evolves, relevant changes will be implemented 

as necessary. 

4.3.7 Main study process 

4.3.7.1 Overview 

Multimedia Appendix 7 illustrates the entire study process. 
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4.3.7.2 Objective 1: Co-construction of the MARVIN Chatbots 

4.3.7.2.1  Overview 

Objective 1 is intended to obtain a stabilized version adapted to the health care context for the 

subsequent objectives. Similar to the original MARVIN’s development, it will follow 3 steps: user 

needs assessment, knowledge database creation, and continuous improvement of the prototype. 

The expected duration of participant involvement in objective 1 is 4 months. 

4.3.7.2.2  Step 1: Needs assessment 

Four 2-hour focus groups will be organized with 5 participants each led by a trained interviewer. 

Participants will first be shown a demonstration of the current MARVIN describing the interface, 

dialogue process, and other instructions for use. Semistructured focus groups will then be 

conducted to identify use scenarios, topics related to integration, and user expectations and 

preferences for chatbots. 

The co-construction design committee will then be formed and meet every 2 weeks to participate 

in design tasks. The team may also contact them via email with specific questions. 

4.3.7.2.3  Step 2: Knowledge database creation 

A knowledge database will be built based on the results of the needs assessment, which is the core 

of each new chatbot. This database will include a bank of different questions, plausible answers, 

and necessary conversation templates. Among the most important components of this knowledge 

database is a corpus of qualified and trusted answers. The challenge is to generate medically 

accurate information that is easy to understand and sufficiently colloquial while maintaining 

professionalism. These data will be collected from different sources and validated by the co-

construction design committee for adoption to ensure that the chatbot can respond with appropriate 

output [30,31]. A total of three 2-hour co-construction workshops will be conducted. 

4.3.7.2.4  Step 3: Testing, validation, and continuous improvement 

The team of engineers will work closely with the co-construction design committee through 

development workshops to test the prototype’s performance, especially its quality and safety. 

Participants will be invited to converse with the test prototype and complete an assessment. Such 

an approach will facilitate the continuous improvement of the prototype and the addition of new 
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features (eg, user interface, questioning methods, and confidentiality measures) as necessary. 

Thus, each chatbot will evolve in real time during this step. A total of three 2-hour development 

workshops will be conducted. 

It is important to note that, given the nature of software development engineering, steps 2 and 3 

will be a continuous cyclic process. The research team will need to continually update the 

MARVIN chatbots based on feedback from the co-construction design committee on new 

requirements, improvement ideas, and technology updates. 

4.3.7.2.5  Quantitative data collection and analysis 

During each development workshop, co-construction design committee members will perform a 

quick descriptive assessment of the tested prototype using the adapted Mobile App Rating Scale 

for health-related apps [47] (Multimedia Appendix 8). 

The scale has 28 items (range 1-5) in 6 sections covering subjects including engagement, 

functionality, esthetics, information, subjective quality, and health-related quality. Item scores will 

be averaged to obtain a score for each section and an overall score. It has shown an excellent 

internal consistency (Cronbach α=.938) and interrater reliability (2-way mixed intraclass 

correlation coefficient=0.920, 95% CI 0.797-0.987) for the independent overall score ratings of 37 

different digital health tools [47]. On the basis of developer recommendations, we will consider a 

successful prototype for testing to have an average score of at least 4 for the sections on 

information and health-related quality, as well as an overall average score of 4, as they are 

identified as key indicators of prototype safety. 

4.3.7.2.6  Qualitative data collection and analysis 

Throughout the study, participants will have the option to take part in either English or French 

focus groups and workshops. All activities will be moderated by an experienced researcher with 

an assistant, digitally audio recorded, and manually transcribed verbatim for analysis while 

removing any nominal information provided to protect the participants’ identity. NVivo R1 (QSR 

International) will be used for qualitative data management. 

Participants will also receive transcripts of the sessions in which they participated to ensure the 

trustworthiness of these data. Therefore, they will have the opportunity to challenge information 
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that is perceived as incorrect. This will also allow them to verify that no information that could 

potentially identify them was inadvertently retained [48]. 

A focus group guide will be developed for each substudy considering its specific setting. Focus 

groups will be analyzed using an inductive thematic analysis approach to gather user 

recommendations (ie, topics to be addressed, expected conversational style, and desired features). 

Qualitative workshop data will contribute to thematic analysis in pursuit of objective 4. 

4.3.7.3 Objective 2: Usability assessment 

4.3.7.3.1  Overview 

Although a usability study among people with HIV has already been conducted [21], usability will 

be evaluated for other individual chatbot substudies following the same methodology. During this 

stage, no updates will be made to the chatbots unless (1) the chatbots are not available because of 

force majeure (eg, host server failure or algorithm dependency update), in which case the team 

will implement updates to ensure the proper conduct of the study; (2) the results indicate 

suboptimal usability, in which case we will update the version and repeat the usability study; or 

(3) new medical information emerges that could benefit participants or prevent harm. Any such 

event will be documented in detail. 

The expected duration of participation for objective 2 is 1 month. At enrollment, 30 participants 

will be required to complete an initial sociodemographic questionnaire. They will be given a 

training session and a user guide with instructions on how to access MARVIN via Messenger and 

the topics of questions they can ask MARVIN. Participants will be enrolled for a 3-week period 

of interacting with MARVIN by having at least 20 conversations, the topics of which will be 

specified in each subprotocol. Quantitative data will be collected using a usability survey once 

their 20 conversations are recorded. 

Participants will be free to complete the tasks at any time during this 3-week period. If the chatbot 

does not receive a message from them within a week of their most recent conversation, it will 

proactively send a reminder. There will be no active third-party human involvement in the entire 

testing process between the chatbot and participant user except in the case of user-initiated requests 

(eg, to solve unexpected bugs). 
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In week 4, a total of 3 focus groups with 5 randomly selected participants each will be conducted 

to explore MARVIN’s usability in greater depth and in the participants’ own words. In total, 3 

focus groups can capture at least 80% of the themes, which is sufficient saturation for a usability 

study [49]. 

4.3.7.3.2  Quantitative data collection and analysis 

The initial questionnaire for objective 2 will gather fundamental sociodemographic information 

(eg, year of birth, preferred language, gender, and ethnic group identity) and digital technology 

use (Multimedia Appendix 8). 

Descriptive statistics will be used to depict the sociodemographic characteristics and digital 

technology use of the participants. Continuous variables will be reported using measures such as 

minimum, maximum, mean, and SD. In the case of ordinal and nominal qualitative variables, we 

will report both counts and proportions. 

Global usability will be collected using 2 validated scales: the shorter version of the Usability 

Metric for User Experience (UMUX-Lite) [50] and the Acceptability E-scale (AES) [51] 

(Multimedia Appendix 8). 

Usability is defined in part as “the extent to which a product can be used to be effective, efficient, 

and provide users’ satisfaction within its defined goal” [52]. The UMUX-Lite is a 2-item 

questionnaire answered on a 7-point Likert scale that is deemed appropriate for use in the 

evaluation of health technology [53]. The items ask whether the chatbot meets user needs and 

about perceived ease of use. 

Acceptability is related to how agreeable, palatable, or satisfactory an intervention is perceived to 

be by stakeholders and is also considered part of global usability [14]. The AES contains 6 items 

rated on different 5-point Likert scales. It is a validated measure of the acceptability and usability 

of computer-based interventions for health care populations. Items evaluate, for example, how 

easy and enjoyable the innovation is to use, how helpful it is, and whether the amount of time to 

engage with it is acceptable. 

As continuous outcomes, both usability and acceptability will be summarized using the minimum, 

maximum, mean, and SD. The sample mean of each global usability outcome will be compared 

with its recommended usability thresholds—68/100 for the UMUX-Lite score and 24/30 for the 
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AES score—using a Student t test. It will test the null hypothesis that the average UMUX-Lite 

score is ≤68 and that the average AES score is ≤24. A significance level of 5% will be adopted. 

Four central subconstructs of the technology acceptance model (TAM) framework will also be 

assessed as secondary end points via validated instruments to complement the data: (1) perceived 

ease of use, (2) perceived usefulness, (3) attitude toward use, and (4) behavioral intention to use 

the chatbots. 

Perceived ease of use will be measured using the Single Ease Question [54] responding on a 7-

point Likert scale. 

Drawing on instruments by Chau and Hu [55] and Davis [56], perceived usefulness will be 

measured on a 7-point Likert scale with 4 items slightly adapted for relevance to chatbots. The 

final score will be the average of these items. 

Attitude toward using chatbots will be measured using the net promoter score (NPS) [57], which 

is used as a measure of user satisfaction. A single question will be asked on an 11-point Likert 

scale. To calculate the NPS, 3 groups are created: promoters (score of 9-10), passives (score of 7-

8), and detractors (score of 0-6). Subtracting the percentage of detractors from that of promoters 

provides the NPS (range −100 to 100). Positive scores, and especially those of >50%, are judged 

positively. 

Finally, behavioral intention to use the chatbots will be assessed using a validated 2-item 

questionnaire [58] rated on a 7-point Likert scale averaged to produce a final score. 

Predicted positive associations between subconstructs within the TAM framework will be 

evaluated using simple linear regressions considering the slope coefficient. Their significance will 

be tested using a Student t test. 

All statistical analyses will be conducted using the R software (R Foundation for Statistical 

Computing) [59]. 

4.3.7.3.3  Qualitative data collection and analysis 

Participants’ experiences with MARVIN will be explored through a semistructured focus group 

on the main constructs of the TAM framework (ie, usefulness, ease of use, attitude, and behavioral 
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intention to use), the analysis of which will help further explain the quantitative analysis. A focus 

group interview guide can be found in Multimedia Appendix 8. 

A composite coding matrix based on the TAM and the nonadoption, abandonment, scale-up, 

spread, and sustainability (NASSS) framework will be favored for deductive content analysis [60]. 

The NASSS framework [61] was developed to support the implementation and scale-up of 

technological innovations in health care. It includes seven relevant domains: (1) the illness or 

condition, (2) the technology, (3) the value proposition, (4) the adopter system, (5) the 

organization, (6) the wider context, and (7) embedding and adaptation over time. Given that 5 to 

7 are more focused on scaling up implementation, objective 2 will likely focus on the first 4 

subdomains for analysis to illustrate associated barriers and facilitators of the early phases of 

implementation. All facilitators and barriers identified will be then subsequently matched to the 

subconstructs of the TAM when possible to understand their impact on global usability. 

The content analysis involves 3 phases. In phase 1, preparation, the analyst will attempt to 

understand the entire data set through immersion in the data. In phase 2, organization, a composite 

coding matrix will be devised using the NASSS domains and the TAM subconstructs. The data 

will be coded and categorized using NVivo R1. Finally, in phase 3, reporting, the descriptive 

content of the categorization will be presented, addressing trustworthiness. 

The saved transcripts of users’ conversations with the chatbots may also be submitted for content 

analysis to describe and better understand the nature of chatbot-participant interactions, such as 

conversation topic trends. 

4.3.7.4 Objective 3: Implementation assessment 

4.3.7.4.1  Overview 

For this objective, we will further assess the implementation outcomes of the MARVIN chatbots 

after they are deployed to the general population via Messenger. During this stage, the chatbots 

will be regularly updated to introduce new features or content, and their impact on implementation 

will be assessed. If the outcomes are negative, the corresponding version of the chatbot will be 

submitted for continuous improvement and evaluation. 

We anticipate that the participation period will be 12 months and could be adjusted according to 

the health care context. Participants will receive a link to the same sociodemographic questionnaire 
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as before (ie, via REDCap [Research Electronic Data Capture; Vanderbilt University] or Google 

Forms) directly through the chatbot at entry into the study (Multimedia Appendix 8). They will 

then be able to send messages to MARVIN whenever they wish. If the chatbot does not receive a 

message from the participant within a month of its most recent conversation with them, it will 

proactively ask the participant the following: “It’s been a month since our last conversation. How 

have you been?” The participant will be able to turn off this inquiry if they so wish. 

Every 2 months, participants will receive a link to a questionnaire on implementation outcomes 

(Appendix 7). The chatbot will also ask 3 open-ended questions to collect information on the 

participant’s overall experience and suggestions for continuous improvement of the chatbot. 

4.3.7.4.2  Quantitative data collection and analysis 

The implementation outcome questionnaire will assess usability, acceptability, and 

appropriateness using validated instruments. Fidelity and adoption will be summarized using 

descriptive statistics on chatbot use metadata. 

Usability and acceptability will be measured for objective 3 (implementation) as they will be for 

objective 2 (usability) using the UMUX-Lite and AES questionnaires as both measures are 

dynamic and vary with experience. Thus, usability and acceptability ratings may be different for 

each stage of implementation [14,62]. 

Appropriateness relates to the relevance or compatibility of the innovation to address a particular 

issue or problem [14]. The compatibility of an IT innovation is the extent to which it is considered 

consistent with users’ values, needs, and past experiences [63]. The Compatibility Subscale is a 

validated tool that contains 3 items rated on a 7-point Likert scale (range 1-7) to assess how an IT 

innovation “fits” with the user’s work style [64]. An adapted version will be administered to health 

care professional participants. A minimum average score of 5.5 is set as the threshold for adequate 

compatibility. For patient participants, the Intervention Appropriateness Measure will be used 

[65]. It contains 4 items scored on a 5-point scale to assess an innovation’s suitability for a user. 

A mean score of at least 4 will indicate the appropriateness of the chatbot intervention for the 

patient population. 

Fidelity is the degree to which the intervention is implemented as intended [14]. On the basis of 

the fidelity measures of digital health intervention implementation identified by Coorey et al [66], 
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we will analyze the following metadata to comprehensively assess the chatbot fidelity: (1) 

intervention fidelity (the proportion of participants who continue to use the chatbot after a 1-month 

period), (2) frequency and duration (the monthly frequency with which participants use the chatbot 

and the average total duration of using the chatbot), (3) messages delivered (the total number of 

messages that participants interacted with in the chatbot over the course of the study period as well 

as the average number per participant), and (4) range of messages received (the frequency 

distribution of different conversational topics triggered by all participants). 

Adoption, or uptake, is “the intention, initial decision, or action to try or employ an innovation or 

evidence-based practice” [14]. It will be measured using the proportion of monthly new users 

enrolled to all users in the study. The target will be 5% per month given that the median user 

growth rate for small-scale software services is 4.4% [67,68]. 

Statistically, a strategy similar to that of objective 2 will be adopted to describe the data. For 

usability, acceptability, and appropriateness, a Student t test will be used to test the null hypothesis 

that the average score is inferior or equal to the predetermined thresholds. 

4.3.7.4.3  Qualitative data collection and analysis 

To better understand the implementation outcomes, participants will be invited to answer three 

open-ended questions: (1) What did you like most about using MARVIN? (2) What did you dislike 

about using MARVIN? (3) How would you improve MARVIN? 

The content analysis of this material using the same coding matrix as in objective 2 will likely 

include the last 3 subdomains of the NASSS framework given the implementation stage at 

objective 3. This will help document and detail barriers to and facilitators of using the chatbots 

and their associated implementation outcomes as well as identify targets for continuous 

improvement. 

As with objective 2 (usability), the saved transcripts of chatbot conversations may also be 

submitted for content analysis to characterize and better understand the nature of chatbot-

participant interactions. 
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4.3.7.5 Objective 4: Evaluate the impact of different stakeholder partnerships 

4.3.7.5.1  Overview 

The reporting of patient and stakeholder engagement roles will follow the revised Guidance for 

Reporting Involvement of Patients and the Public [69]. 

4.3.7.5.2  Quantitative data collection and analysis 

Quantitative data on patient and stakeholder engagement activities, such as the number and length 

of actual workshops or focus groups conducted; the number of attendees; and the user 

requirements, design parameters, and improvement recommendations made by stakeholders 

during the workshops or focus groups, will be reported to illustrate the impact of patient and 

stakeholder engagement on the adaptation or development of the MARVIN chatbots. 

4.3.7.5.3  Qualitative data collection and analysis 

Upon completion of each objective, focus groups will be conducted with stakeholders involved in 

the co-construction of the chatbots to identify the participants’ perspectives on target users’ 

involvement in research. A focus group guide will be developed for each substudy considering its 

specific setting. These data will be analyzed thematically along with workshop data from objective 

1 to determine how potential end users (patient partners and health care professionals) were 

integrated into the research team, participated in the work, influenced decision-making, and 

contributed to chatbot adaptation or development. 

4.3.8 Data management, confidentiality, and security 

Only data relevant to this study outlined in this protocol will be collected by the research team. A 

comprehensive overview of the study’s data management strategy is presented in Table 4.1, 

including the collection of recruitment and study data. For objectives 1 (development), 2 

(usability), and 4 (partnership evaluation), participants’ basic sociodemographic data and contact 

information will be recorded. For objective 3 (implementation), only participants’ Facebook 

account names will be gathered alongside their eligibility responses. Participants will be identified 

using alphanumeric codes. The link between these codes and the participants’ identities will be 

kept by the research team within a password-protected digital file safeguarded by the MUHC 

firewall. Access to these records will be exclusive to the research team. 
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Table 4.1 Study data management strategy. 

 Objective 1 Objective 2 Objective 3 Objective 4 

Recruitment data 

 Data 

type 

• Basic 

sociodemograp

hic data and 

contact 

information 

• Basic 

sociodemograp

hic data and 

contact 

information 

• Facebook 

account 

name, 

answers to 

eligibility 

questions, 

and web-

based 

consent 

records 

• Basic 

sociodemograp

hic data and 

contact 

information 

 Protectio

n 

method 

• Password-

protected 

digital files 

• Password-

protected 

digital files 

• Encrypted 

database 

on Amazon 

Web 

Services 

cloud 

server and 

synchroniz

ed to 

password-

protected 

digital files 

• Password-

protected 

digital files 

 Storage 

location 

• MUHCa 

internal storage 

• MUHC internal 

storage 

• Amazon 

Web 

Services 

and 

• MUHC internal 

storage 
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MUHC 

internal 

storage 

Study data 

 Data 

type 

• Conversation 

histories 

• Conversation 

histories 

• Study 

questionnaire 

data 

• Qualitative data 

• Conversati

on histories 

• Study 

questionnai

re data 

• Qualitative data 

 Protectio

n 

method 

• Encrypted 

database on 

Amazon Web 

Services cloud 

server and 2-

factor–

authenticated 

Facebook 

MARVIN 

account 

• Encrypted 

database on 

Amazon Web 

Services cloud 

server and 2-

factor–

authenticated 

Facebook 

MARVIN 

account 

• 2-factor–

authenticated 

Google Forms 

or REDCapb 

(Vanderbilt 

University) 

accounts and 

password-

protected 

digital files 

• Encrypted 

database 

on Amazon 

Web 

Services 

cloud 

server and 

2-factor–

authenticat

ed 

Facebook 

MARVIN 

account 

• 2-factor–

authenticat

ed Google 

Forms or 

REDCap 

accounts 

and 

• Password-

protected 

digital files 
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• Password-

protected 

digital files 

password-

protected 

digital files 

 Storage 

location 

• Amazon Web 

Services and 

Facebook 

• Amazon Web 

Services and 

Facebook 

• Google Forms 

or REDCap and 

MUHC internal 

storage 

• MUHC internal 

storage 

• Amazon 

Web 

Services 

and 

Facebook 

• Google 

Forms or 

REDCap 

and 

MUHC 

internal 

storage 

• MUHC internal 

storage 

aMUHC: McGill University Health Centre. 

bREDCap: Research Electronic Data Capture. 

The scope of the study data will include information from the web-based research questionnaire, 

qualitative data, transcripts of participant conversations with MARVIN, and MARVIN-related 

metadata. Data required for distinct study objectives through questionnaires will be collected using 

an appropriate collection tool (eg, Google Forms or REDCap) and subsequently extracted into a 

password-protected Microsoft Excel (Microsoft Corp) spreadsheet for analysis. Qualitative data, 

once collected and transcribed, will be password protected and deidentified during analysis. All 

study data will only be accessible to the research team. 

Regarding the technical cybersecurity aspects of the MARVIN chatbots, Figure 4.7 offers a visual 

representation of the data flow as participants engage with the chatbots. Throughout the study, 

participants will send messages to MARVIN chatbots via their personal devices. These messages 

will be relayed through Messenger’s application programming interface to the Amazon Web 

Services (AWS) cloud server, where the research team deployed the MARVIN service. Response 

messages from MARVIN chatbots will then be sent back to participants’ devices via the 
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Messenger application programming interface. The entire communication process will be 

encrypted. The research team will be responsible for all of Facebook’s MARVIN chatbot accounts 

and MARVIN servers deployed on the AWS cloud server. Records of chatbot conversations will 

be stored on an encrypted AWS cloud server. These data will be anonymized by the research team 

and used exclusively for future model training to enhance chatbot performance for research and 

quality assurance purposes. 

Figure 4.7 MARVIN chatbot—message data flow diagram. API: application programming 

interface; AWS: Amazon Web Services. 

Conversations on Messenger will also be logged and stored on Messenger’s server, which is 

necessary for display on both the participant and chatbot interfaces. The data handling in this 

context adheres to Facebook’s policies [70-72]. If a participant withdraws from the study, the 

collected study data will be removed as well if the participant so wishes. In particular, in 

accordance with Messenger’s privacy policy, participants will be asked to delete the conversations 

with MARVIN from their personal accounts, and the research team will delete the conversations 
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from MARVIN’s account. Thus, Facebook will stop storing these data as they are no longer 

required to provide their services and Meta Platforms products. 

Note that all platforms involved, including Messenger, Google Forms, and REDCap, comply with 

the General Data Protection Regulation implemented by the European Union. It is recognized as 

the highest standard available, especially in terms of AI applications, equivalent to or surpassing 

the Personal Information Protection and Electronic Documents Act in Canada [73], where 

MARVIN is deployed. Access to each platform’s accounts will be exclusive to the research team 

and secured through 2-factor authentication.  

4.3.9 Governance board 

In view of the current ever shifting regulatory landscape surrounding health care AI applications, 

a governance board will be formed to help the research team obtain external perspectives; assess 

the ethical and technological issues that may arise from the MARVIN chatbots; and ensure prudent 

development, testing, and mitigation of associated risks. The board will also summarize best 

practices from the substudies to enhance future iterations. 

Candidates for the governance board include expert patients as well as experts in the fields of AI, 

clinical science, ethics, legal affairs, and communications. Invitations will be sent by the research 

team via email. Annual assemblies will be held for reviewing study progress and exchanging 

insights. For specific inquiries, members of the governance board will remain reachable by the 

MARVIN research team via email summons. 

4.3.10  Anticipated risks and benefits 

Participants in this study will not be exposed to direct physical risk while partaking in focus groups 

or interviews, conversing with chatbots via messaging, or completing web-based surveys as they 

will not receive any pharmaceutical or invasive medical interventions. Furthermore, the preceding 

pilot study did not reveal any known risks of participation. 

However, potential indirect risks are worth considering. In the case of web-based recruitment and 

verbal consent acquisition, there is a risk of confidentiality breach. This risk can be exacerbated if 

participants use a personal email address to communicate with the research team. In response, 

researchers will only use institutional email addresses for correspondence purposes. Participants 

will also be advised to protect their pertinent personal electronic data. 
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When using the web-based chatbot, participants will use their personal Facebook account and may 

share details of their participation in the study. Vulnerability to security breaches (eg, device loss, 

inadvertent device exposure, phishing, and malware) may arise concerning participants’ Facebook 

accounts. To mitigate this risk, participants will be explicitly reminded during recruitment to 

secure relevant personal information. The MARVIN chatbots will similarly provide appropriate 

reminders in the electronic information and consent forms, such as “I recommend that you do not 

share study-related information with others unnecessarily.” 

The time required to complete the questionnaires and participate in interviews or focus groups may 

be inconvenient and distressing for certain individuals. Others may also be uncomfortable 

answering specific questions or interacting with the chatbot. In situations in which questions are 

deemed sensitive, private, or distressing, participants are not obliged to respond. The research team 

will always be available to discuss participant concerns and refer them to appropriate resources, 

including teleconsultation with a mental health professional or other support service. 

It is possible that the MARVIN chatbots will have difficulty understanding messages from 

participants during the study. In such instances, the chatbot will indicate that it cannot understand, 

as described previously in Figure 4.5, and suggest seeking help from a health care professional. 

There is also a small chance that the chatbot will provide erroneous advice. As an example, the 

chatbot might inform a patient who missed a 2-hour dose to stop taking the medication completely 

and consult a health care professional immediately. To minimize this potential risk, participants 

will be informed of the limitations of the chatbots during the consent process. In addition, 

participants will be prompted to report any perceived inaccuracies and their consequences to the 

research team in a timely manner. Weekly revisions of user chat logs will be conducted by the 

research team to ensure timely human intervention in the event of errors. The governance board 

for this study will consistently monitor and discuss these reports. 

Finally, any other service-related risks (eg, chatbot or Facebook network service disruptions) will 

be communicated to each participant in a timely manner and properly documented by the study 

coordinator. 

Participation in the study presents benefits, including early access to chatbot interventions with 

validated health care information. Participants will also be compensated appropriately upon 
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completion of each study objective [74] in the form of a gift card or, exceptionally, a money 

transfer. 

4.4 Results 

From July 2022 to October 2023, four substudies were established in conjunction with the 

completion of this master protocol: 

1. The first study is a continuation of the original MARVIN for HIV self-management. This 

project has secured funding from the Fonds de recherche du Québec – Santé Réseau 

SIDA/Maladies Infectieuses (AIDS and Infectious Disease Network). A subprotocol 

targeting objective 3 (implementation) is currently being prepared and scheduled for REB 

submission in early 2024. Recruitment is scheduled to begin in mid 2024, and the related 

data analysis will begin in early 2025. 

2. The second study is MARVIN-Pharma, a project to promote community pharmacists’ 

knowledge of HIV treatment, with its prototype to be completed by the end of 2023. A 

related manuscript based on a pharmacist needs assessment is in preparation. A subprotocol 

for objective 2 (usability) is being developed and is scheduled to be submitted for REB 

approval in early 2024, and recruitment is scheduled for mid 2024.  

3. The third project is to develop the MARVINA chatbot for self-management of patients 

with breast cancer. This study is supported by funding from the MUHC Cedars Cancer 

Foundation. The subprotocol was approved by the MUHC REB on September 26, 2023 

(approval MP-37-2024-9633). Recruitment for objective 1 (development) is expected to 

begin in early 2024.  

4. The fourth study is to develop MARVIN-CHAMP, an accessible chatbot to assist in the 

management of pediatric patients with infectious conditions. A funding proposal for this 

project will be submitted to the Canadian Institutes of Health Research Spring 2024 Project 

Grant program. A subprotocol for objective 1 (development) is under development and 

scheduled to be submitted for REB approval in mid October 2023. Recruitment for 

objective 1 (development) is expected to start in early 2024.  

None of the funding sources had any role in the design of this study and will not be involved in 

the interpretation of the results or the decision to submit them for publication. 
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4.5 Discussion 

4.5.1 Expected findings 

AI technologies have made phenomenal advances, but relevant clinical translation in key areas 

remains slow. To the best of our knowledge, this is the first known master protocol in digital health 

dedicated to implementing chatbot interventions across diverse health conditions and clinical 

settings. Before this, master protocols had been structured primarily for pharmaceutical 

intervention studies [75]. This master protocol shares key experimental components and 

operational processes while capitalizing on the similarities of the underlying IT infrastructures 

already in place. Coupled subsequently with thorough discussion and deliberation among intended 

users, developers, administrators, and regulators, the efficiency of creating and coordinating 

multiple studies of the same type has greatly improved. Although the upfront costs and planning 

time were significant, with this master protocol taking a year to complete from inception to REB 

approval, it will facilitate the generation of high-quality evidence essential for guiding medical 

practice. Through centralized management and shared governance, it also reduces development 

costs, enables broad decision-making, and allows patients to benefit earlier from advanced 

interventions. 

The selected adaptive platform trial format, although designed initially for oncology and infectious 

disease drug development, has also been identified as being applicable to digital health 

interventions [76]. Its flexibility is a noteworthy advantage. Digital health interventions are now 

increasingly being applied to a wide range of conditions. The flexibility of the infrastructure 

facilitates the addition of substudies or necessary adjustments to each substudy, and health 

authorities, institutional review boards, and ethics committees will have a clear understanding of 

what changes are occurring across substudies [77]. Second, design features such as early 

termination of the trial or re-estimation of the sample size can avoid wasting resources, thus 

allowing for faster dissemination of research results to the communities that will benefit the most 

[38]. 

Patient and stakeholder contributions are integral to shaping this master protocol and associated 

materials. Their co-constructive engagement allows them to take a leading role in the ongoing 

digitization of health care and can help mitigate or even address the risks that chatbots face during 

implementation, such as those tied to trustworthiness, data privacy, and exacerbating inequalities 
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in access to health care. Incorporating patient and stakeholder involvement strategies in developing 

master protocols, as suggested by Huml et al [78], can make them more successful for patients, 

providers, and sponsors. Patients and stakeholders will be invited to contribute on an ongoing basis 

to subsequent chatbot development, reporting of trial results, product marketing, and knowledge 

translation. Systematically documenting, investigating, and reporting this entire process will be 

beneficial in providing the scientific community with a clear and replicable model for responsible 

AI medical research. 

Certain limitations need to be recognized. This master protocol focuses solely on the assessment 

of chatbot implementation outcomes, similar to master protocols typically prepared for 

pharmaceutical investigations that focus on “early exploratory development phases” [78]. Clinical 

and service-related outcomes are not included in this master protocol as there is no consensus on 

their assessment methods. Notably, <25% of AI-based digital health trials include patient-reported 

outcome measures as end points despite their widespread use in other health care trials [79]. 

Therefore, corresponding research efforts are necessary to develop relevant high-quality 

assessment metrics to foster the development and validation of user-centered chatbots. If the 

substudy decides to assess their clinical effectiveness, appropriate amendments will be made. 

Large language model (LLM) technology is also not considered in this master protocol for the time 

being. The release of LLMs, represented by GPT-4, has been indeed impressive. Unfortunately, 

LLM-based chatbots exhibit limitations such as a lack of transparency, sharing of unverified health 

information, and poor interpretability [80]. These factors threaten the trustworthiness and security 

of chatbots, which are key to their successful implementation in health care. Although current 

state-of-the-art LLMs are, of course, embraced to help generate more diverse and personalized 

responses, trialing these models in clinical settings also remains a challenge owing to the lack of 

relevant regulatory compliance and the fact that the existing software-as-a-medical-device 

framework is not suited to such models [81]. Chatbots can be a safe tool to seek information if 

they are validated and approved by health care professionals and all personal data are properly 

secured through robust up-to-date privacy and security safeguards [82,83]. In line with this 

protocol, the team strongly believes in and adheres to a careful content validation and model fine-

tuning strategy so as to maximize the accuracy, trustworthiness, and safety of the solutions being 

delivered for responsible AI innovation. 
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Finally, another limitation of the protocol is the use of convenience sampling, potentially 

introducing bias toward individuals more inclined to use digital health technologies. Furthermore, 

in the web-based direct recruitment process for objective 3 (implementation), all participants will 

be self-referred, which will make it challenging to assess whether the participants genuinely meet 

the inclusion criteria. In addition, the self-reported quantitative questionnaire may be susceptible 

to random participant responses. Outliers in the data will be checked, and appropriate statistical 

methods will be used to improve the quality of the final data. 

4.6 Conclusions 

Overall, the development and adaptation of the MARVIN chatbots, co-constructed with those 

directly involved, holds the promise of fostering patient self-management and enhancing health 

care efficiency. This study shall provide a comprehensive examination of the implementation 

outcomes of innovative chatbot interventions tailored for patients and health care professionals. 

Moreover, it will contribute to the formulation of best practice recommendations for the co-

constructive engagement of patients and stakeholders in digital health research. If properly applied, 

this master protocol has the potential to be sustained for years or even decades and allow 

innovations to be rapidly translated to clinical practice. Advances in methodology combined with 

the surge in AI will provide deeper evidence to achieve the goal of patient-partnered personalized 

medicine and, ultimately, help deliver the right interventions for the right patient at the right time. 
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5.1 Abstract 

Background: We developed MARVIN, an artificial intelligence (AI)-based chatbot that provides 

24/7 expert-validated information on self-management related topics for people with HIV. This 

study assessed (1) the feasibility of using MARVIN, (2) its usability and acceptability, and (3) four 

usability subconstructs (perceived ease of use, perceived usefulness, attitude towards use, and 

behavioural intention to use). 

Methods: In a mixed-methods study conducted at the McGill University Health Centre, enrolled 

participants were asked to have 20 conversations within 3 weeks with MARVIN on predetermined 

topics and to complete a usability questionnaire. Feasibility, usability, acceptability, and usability 

subconstructs were examined against predetermined success thresholds. Qualitatively, randomly 

selected participants were invited to semi-structured focus groups/interviews to discuss their 

experiences with MARVIN. Barriers and facilitators were identified according to the four usability 

subconstructs.  

Results: From March 2021 to April 2022, 28 participants were surveyed after a 3-week testing 

period, and nine were interviewed. Study retention was 70% (28/40). Mean usability exceeded the 

threshold (69.9/68), whereas mean acceptability was very close to target (23.8/24). Ratings of 

attitude towards MARVIN's use were positive (+14%), with the remaining subconstructs 

exceeding the target (5/7). Facilitators included MARVIN's reliable and useful real-time 

information support, its easy accessibility, provision of convivial conversations, confidentiality, 

and perception as being emotionally safe. However, MARVIN's limited comprehension and the 

use of Facebook as an implementation platform were identified as barriers, along with the need for 

more conversation topics and new features (e.g., memorization).  

Conclusions: The study demonstrated MARVIN's global usability. Our findings show its potential 

for HIV self-management and provide direction for further development. 

Keywords: antiretroviral, artificial intelligence, Canada, chatbot, conversational agent, digital 

health, feasibility, HIV, implementation science, mixed methods, mobile phone, patient and 

stakeholder engagement, self-management, telehealth, usability 
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5.2 Introduction 

5.2.1 Background 

In 2022, around 39 million people were living with HIV globally [1]. In Canada, the estimated 

number of new HIV diagnoses in 2022 stood at 1,833, a 25% increase compared to 2021 [2]. Four 

decades into the global HIV pandemic, effective antiretroviral therapy (ART) has significantly 

improved the life expectancy of people with HIV (PWH), closing the gap with HIV-negative 

individuals [3]. HIV is now a manageable chronic disease that [4], nevertheless, requires lifelong 

self-management, including engagement in beneficial behaviors such as attending regular 

healthcare appointments, acquiring self-management related knowledge, and developing decision-

making skills [5]. Adherence to ART is especially important to maintain viral suppression and 

thereby avoid complications and forward transmission [6]. However, self-management and ART 

adherence are challenged by a variety of factors, including medication beliefs and concerns (lack 

of understanding of treatment, side effects), lifestyle (disrupted routine, substance use), 

interpersonal relationships (fear of disclosure, stigma), and healthcare-related factors (patient-

provider communication) [7].  

Digital health, the use of information technology (IT) to manage illnesses and promote wellness, 

can provide innovative solutions to help PWH address these self-management barriers. A 

systematic review revealed that telephone- and website-supported counseling and messaging 

facilitated remote access and timely information exchange with PWH, resulting in effective 

improvements in medication adherence, coping with HIV-related conditions and management of 

side effects [8]. A Canadian study also established that weekly text message follow-up improved 

medication adherence and viral suppression among PWH [9]. While minimizing travel costs, 

saving time and protecting privacy [8], IT-assisted interventions could enable swift access to 

reliable health information for PWH and optimize their self-management practices.  

Within health-related IT, chatbots are among the most promising tools, with the potential to 

revolutionize patient self-management and support [10]. Chatbots are acceptable by patients [11, 

12], and can establish a good collaborative connection with them [13-15], thus promoting active 

engagement in care. Since the first appearance of the ELIZA chatbot as a psychotherapist in 1966 

[16], chatbots have been explored in a variety of healthcare applications across mental health [17-

21], oncology [22-26], and diabetes [27, 28]. Chatbots often harness the power of artificial 
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intelligence (AI) to enable natural language interpretation as well as aid decision-making. They 

have been found to be easily accessible and able to provide valid information quickly while 

ensuring anonymity [29, 30]. This is well suited for PWH who require lifelong self-management 

and are still reluctant to disclose their condition for fear of stigmatization [31]. Yet, relevant 

chatbot work remains modest [32, 33]. Brixey et al. implemented SHIHbot on Facebook in 2017, 

the first chatbot to provide HIV-related sexual health information [34]. Ardiana et al. also 

presented a mobile-based chatbot for HIV/AIDS information and counseling [35]. User 

satisfaction was high (3.6/4) as was usability (3.3/4), indicating user endorsement of the overall 

system concept. Apart from these two forays into information provision, most other studies in this 

area focused on HIV prevention [11, 36-41]. The team of Van Heerden et al. tested the use of 

chatbots for rapid HIV self-testing and counseling in South Africa in 2017 and 2022 [11, 36], with 

the majority of testers reporting their intention to use such technology due to the privacy and 

anonymity it afforded compared to human counselors. Cheah et al. reached similar conclusions, 

where participants in Malaysia perceived chatbots as helpful to avoid stigma-inducing interactions 

and found chatbots to be a useful tool for HIV self-testing and pre-exposure prophylaxis 

information [40]. Along with Yam et al. [37], both studies noted the need for their chatbot to have 

more HIV-related information, especially on ART treatment and mental health support, to ensure 

the subsequent successful implementation and rollout [40]. 

Despite these sporadic yet encouraging efforts in HIV prevention, self-management by PWH 

remains an essential aspect of care that has not seen similar advancements. Starting in 2020, our 

multidisciplinary team including patient partners, healthcare professionals, engineers and 

researchers collaborated on the development of an AI-based bilingual chatbot named MARVIN 

(Minimal AntiRetroViral INterference). Created using a co-design approach with patient and 

stakeholder engagement [42], MARVIN can converse on issues of HIV self-management, 

answering with expert-validated information on: ART administration, ART management while 

traveling, and general HIV-related knowledge. It can also provide medication reminders. 

5.2.2 Aim and objectives 

To the best of our knowledge, there are no published studies on chatbot use to facilitate self-

management among PWH, including ART adherence [43]. Furthermore, despite the growing 

interest in healthcare chatbots, the extent to which people find them useful needs to be thoroughly 
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evaluated [44]. To bridge this knowledge gap, the primary objectives of this study were to 1) assess 

the feasibility of using the new MARVIN chatbot by PWH; and 2) gauge MARVIN’s global 

usability. Its secondary objective was to 3) further determine its usability in terms of four 

subconstructs and their interrelationships, i.e., perceived ease of use, perceived usefulness, attitude 

towards use, and behavioral intention to use. 

5.3 Methods 

5.3.1 The MARVIN Chatbot intervention 

Described in detail in a previous publication [42], MARVIN is an AI-based bilingual chatbot that 

communicates with PWH in either English or French, offering them advice on issues of self-

management though brief text-based conversations. During the study, MARVIN operated 24/7 on 

Facebook Messenger for free, accessible exclusively to study participants. No updates were made 

to the chatbot, and no third-party human was involved in the interactions between MARVIN and 

participants. 

MARVIN begins its first conversation with the user by explicitly introducing itself as a bot and 

asking for the user's preferred language. It then describes how it handles data, how accounts can 

be deleted, and the intended use of the chatbot. A complete list of conversation topics can be found 

in Multimedia Appendix 1. The HIV-related conversations mainly cover the following topics: 

1) ART administration: MARVIN can address issues related to time management, dosing, 

common drug interactions, medication storage, and medication identification. Figure 5.1 

shows an example conversation with MARVIN on forgetting to take a medication.  
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Figure 5.1 A conversation with MARVIN on forgetting to take a medication. 

2) ART management while traveling: MARVIN can specify whether a particular country has 

immigration restrictions for PWH or vaccination requirements, and how to prepare and 

carry ART medications for travel, and deal with time zone differences. 

3) General HIV-related knowledge: MARVIN can also converse on common HIV symptoms, 

modes of transmission and prevention, as well as routine vaccination recommendations for 

PWH. 

4) Medication reminders: on users’ request, MARVIN can send daily reminders to take 

medication. For privacy reasons, reminders can be customized, changed, or deleted at any 

time. As an example, a user can ask MARVIN to send the message "Time for a walk!" as 

a reminder, thus avoiding disclosing their HIV status. 

In terms of AI algorithms, MARVIN was developed using the Rasa framework [45] and employs 

a variety of algorithms, mainly intent classification and entity extraction (e.g., identifying time, 

drug name, or quantity), as well as decision trees for dialog management. The corresponding 

decision tree nodes lead to different messages pre-defined by our multidisciplinary team. When 

unable to understand the user's intent or reach a specific intent related to diagnosis or treatment, 

MARVIN acknowledges its limits and encourages the participant to contact their healthcare 

provider. 

5.3.2 Study design 

This four-week uncontrolled single-group usability study employed a mixed methods convergent 

design [46]. It simultaneously collected qualitative and quantitative data and combined them to 

assess usability outcomes of the MARVIN chatbot. We reported our findings in accordance with 

the CONSORT-AI (Consolidated Standards of Reporting Trials–Artificial Intelligence) guidelines 

[47] (Multimedia Appendix 2).  

5.3.3 Ethical considerations 

This study received approval from the McGill University Health Centre (MUHC) research ethics 

board on April 9, 2021 (approval 2021-7191). 



87 

 

5.3.4 Settings and participants 

This study was conducted at the Chronic Viral Illness Service of the MUHC – Glen site, located 

in Montreal, Quebec, Canada. Currently, over 2300 patients, about 40% of whom are women, are 

being followed up at the CVIS clinic. 

5.3.5 Eligibility criteria 

Participant inclusion criteria were as follows: 1) age of ≥ 18 years; 2) fluency in English or French; 

3) confirmed diagnosis of HIV infection; 4) on ART; 5) access to a smart device (e.g., 

smartphones); 6) access to an Internet connection; 7) acceptance to use or create a personal 

Facebook account; and 8) acceptance of Facebook’s privacy and data security policies. Exclusion 

criteria were not meeting inclusion criteria, being hospitalized, concurrent enrollment in another 

study involving chatbots, or having a cognitive impairment that prevented participation. 

5.3.6 Sample recruitment 

The target sample size for the quantitative component was 30 participants, as recommended for 

one-group pilot studies [48, 49].  

Using a convenience sampling strategy [50], healthcare providers asked their patients at an in-

clinic or remote follow-up visit if they were interested in participating in the study. The study 

coordinator then contacted interested individuals to determine eligibility and, if so, proceeded to 

informed consent. All participants were given detailed oral and written information describing the 

study procedures, anticipated benefits, and potential risks. Patients who consented to participate 

were asked whether they agreed to also partake in the qualitative component of the study.  

5.3.7 Study procedures 

Table 5.1 presents the main study procedures for the patient participants and their schedule. 

After consent, a training session with a dedicated digital coordinator provided the participant with 

access to MARVIN on Facebook as well as, instructions for its use (syntax, question stems, etc.), 

and helped engage them in a conversation with MARVIN to familiarize them with the process.  
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Table 5.1 Study procedures - MARVIN usability study. 

Study procedure At entry Week 1 Week 2 Week 3 Week 4 

Preparation 

 Screening and consent process ✓     

 Training session ✓     

Data collection 

  Sociodemographic questionnaire ✓     

 Usability testing 

  At least 20 conversations with MARVIN ✓ ✓ ✓ ✓  

 Quantitative component 

  Usability questionnaire    ✓  

 Qualitative component 

  2-hour focus groups or 1-hour interview     ✓ 

Participants were required to complete a sociodemographic questionnaire following enrollment. 

They then began a 3-week usability test. This involved initiating 5 to 10 conversations with 

MARVIN at any given time on each of the following topics, by asking questions of their own 

creation: (1) advice for taking ART; (2) traveling with ART; and (3) vaccination recommendation 

for PWH. If MARVIN did not receive input from participants within a week’s time, a standardized 

reminder was sent asking if everything is okay. Upon completion, the coordinator would inform 

them via email to fill out the study questionnaire and plan for a focus group or interview. 

At study completion, if participants did not wish to maintain their Facebook Messenger 

conversations with MARVIN, the team would help them delete all records in accordance with the 

relevant Facebook Messenger privacy policy [51-53]. We compensated participants CAD $30 for 
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completing the usability testing and the study questionnaire, and an additional CAD $30 for 

participating in the focus group discussions/interviews. 

5.3.8 Guiding framework and hypotheses 

Usability refers the extent to which a product can be used to achieve specific goals with 

effectiveness, efficiency, and satisfaction [54]. Poor usability of digital health technology can 

diminish work system performance, increase error rates and cause harm to patients [55]. 

Acceptability represents how agreeable, palatable, or satisfactory an intervention is perceived to 

be, which collectively affects the final adoption rate and impacts its eventual implementation and 

use [56, 57]. Given the overlap between these concepts, we decided to treat them both as indicators 

of “global usability”, our primary outcome.  

Concurrently, we adopted the Technology Acceptance Model (TAM) to deepen our assessment of 

usability, both quantitatively and qualitatively. The TAM is a frequently used and validated 

conceptual framework for explaining the actual use and acceptance of new information technology 

interventions in healthcare [58, 59]. Figure 5.2 specifies the four main subconstructs of the TAM, 

namely perceived ease of use (PEU), perceived usefulness (PU), attitude towards use (ATU), and 

behavioral intention to use (BIU) [60]. Three of these subconstructs are analogous to the ISO-

defined aspects of usability (i.e. effectiveness = PU, efficiency = PEU, satisfaction = ATU) [61], 

whereas BIU denotes actual system use [62, 63]. They are thus appropriate for assessing different 

components of usability. We tested the following five hypotheses that were consistent with the 

original TAM and extant research [64-66]:  

H1: Perceived ease of use is positively associated with perceived usefulness. 

H2: Perceived ease of use is positively associated with attitude towards use. 

H3: Perceived usefulness is positively associated with attitude towards use. 

H4: Perceived usefulness is positively associated with behavioral intention to use. 

H5: Attitude towards use is positively associated with behavioral intention to use. 
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Figure 5.2 Guiding framework: the Technology Acceptance Model (TAM), adapted from Davis 

et al. (1989). 

5.3.9 Quantitative data 

5.3.9.1 Data collection 

A sociodemographic questionnaire was administered to describe the study sample’s characteristics 

and diversity (e.g., age, preferred language, gender, ethnic group identity) as well as the 

participants’ use of mobile devices, health apps, and Facebook Messenger (Multimedia Appendix 

3). All study questionnaires (Multimedia Appendix 3) were administered via Google Forms. 

5.3.9.1.1 Primary outcome 

Concerning feasibility, we documented reasons for refusal to participate or screening failures with 

a designated refusal form. We examined the recruitment rate (i.e., the proportion of eligible 

contacts enrolled in the study), and the retention rate (i.e., the proportion of participants who 

completed the usability test and study questionnaires). 

Data on global usability was collected with two validated scales.  

The first scale is a slightly adapted version of the Usability Metric for User Experience-lite 

(UMUX-lite) [67]. It is based on the well-established System Usability Scale (SUS) [68]. While a 

standardized score of 68 is generally considered the baseline for a usable tool, UMUX-lite yields 

scores that are 99% predictive of SUS scores, with the benefit of only two 7-point Likert scale 
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items. UMUX-lite is also considered suitable for healthcare technology assessment [69]. A 

corrective regression formula is used to align its scores with those of the SUS [67].  

The second scale, a revised version of the 6-item Acceptability E-Scale (AES), is designed to 

evaluate computer-based interventions for healthcare populations [70]. Items, rated on a 5-point 

Likert scale, are summed to create a global score (range: 6-30), with 24 recommended by the 

developers as the acceptability threshold.  

5.3.9.1.2 Secondary outcome 

Four subconstructs of the TAM were assessed with validated instruments. 

Perceived ease of use (PEU) was assessed through an adapted 7-point Likert scale Single Ease of 

Use Question (SEQ) [71].  

Perceived usefulness (PU) was measured using four items, adapted from the tools of Chau & Hu 

[72] and Davis [73]. Rated on a 7-point Likert scale, item ratings were averaged to produce a PU 

score. 

To evaluate attitude towards using (ATU) MARVIN, the Net Promoters Score (NPS) [74] was 

adopted with a single 11-point Likert scale question. The final NPS score is the percentage of 

detractors (score of 0-6) subtracted from promoters (9-10). Positive scores, especially those over 

50%, are judged positively. 

Behavioral intention to use (BIU) was measured with two validated 7-point Likert scale items [59] 

which were averaged to derive an intention score.  

For PEU, PU, and BIU, a mean score target of 5 was considered a positive outcome [75]. 

5.3.9.2 Statistical analysis 

All statistical analyses were conducted using Python coding language [76]. 

5.3.9.2.1 Sample characteristics 

The sociodemographic variables were summarized with descriptive statistics. For continuous 

variables, we report the mean and standard deviation (SD). In the case of ordinal and nominal 

qualitative variables, we present both counts and proportions.  
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5.3.9.2.2 Primary outcome 

The global usability outcomes were also summarized using descriptive statistics (i.e., the means, 

SD, and the range). The sample means for both the UMUX-lite and AES were confronted to their 

recommended minimal thresholds, 68/100 and 24/30, respectively.  

Next, global usability outcomes were stratified for subgroup comparisons by selecting 

sociodemographic variables that emerged as important from the qualitative analysis [46], i.e., 

preferred language and years since diagnosed with HIV infection. The normality of the distribution 

was tested using the skewness and kurtosis coefficients. Student’s t-tests were used to test the null 

hypothesis that the observed means were equal between subgroups, with a significance level of 

5%.  

5.3.9.2.3 Secondary outcome 

The TAM subconstructs (PU, PEU, ATU, BI) were summarized using descriptive statistics (i.e., 

the means, SD, and the range). 

We tested five hypotheses of inter-subconstruct relationships within the TAM framework using 

simple linear regression models. Each model’s slope coefficient sign reflected the direction of the 

variable’s (i.e., subconstruct’s) association. We performed residual diagnostics for each model, 

and adopted appropriate strategies when the assumptions were not met. Coefficient significance 

was tested with a student’s t-test on each slope coefficient with a 5% significance level. The 95% 

confidence interval for each coefficient is presented. For each model’s predictive accuracy, we 

report the coefficient of determination R2.  

5.3.10  Qualitative data 

5.3.10.1 Data collection 

In conjunction with the study questionnaire, three semi-structured focus group interviews were 

planned to further explore participants’ experiences with MARVIN. The choice of three focus 

groups follows recent work suggesting that this would capture at least 80% of the themes, which 

we considered sufficient saturation for our usability study [77]. The interviews were designed 

following the subconstructs of the TAM framework. Additionally, participants were asked about 
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future improvements they would like to see with MARVIN. The focus group interview guide can 

be found in Multimedia Appendix 4. 

Focus group interviews were held through Zoom videoconferencing. Due to limitations imposed 

by the COVID-19 pandemic, some interviews ended up being conducted individually. YM and 

GT conducted the interviews, which lasted 15 to 85 minutes each and were audio-recorded.  

5.3.10.2 Analysis 

All interviews were transcribed verbatim and de-identified. All transcripts were cross-checked by 

YM and GT for accuracy and completeness while both attempted to understand the entire dataset 

through immersion in the data. 

A comprehensive coding matrix based on the TAM and the Consolidated Framework for 

Implementation Research (CFIR) [78] was used for deductive thematic analysis. The CFIR is a 

commonly used conceptual framework for identifying factors that might influence intervention 

implementation and effectiveness. It consists of five broad domains (i.e., intervention 

characteristics, outer setting, inner setting, characteristics of individuals and process) and 39 sub-

domains. Given that “characteristics of individuals” and “process” focused more on scaling up 

implementation, we focused our analysis on the first three subdomains to illustrate relevant barriers 

and facilitators. Using the NVivo R1 software, initial codes were generated deductively using the 

CFIR subdomains. We then matched identified facilitators and barriers to the subconstructs of the 

TAM to determine their impact on global usability.  

To ensure credibility and reliability, results were debriefed and discussed repeatedly with DL, ML 

and KE, and triangulated with quantitative findings. Illustrative quotes in French presented in this 

manuscript were translated to English by co-authors.  

5.4 Results 

5.4.1 Overview of participation 

The participant flow chart is shown in Figure 5.3. From March 30 to December 2, 2021, a total of 

88 PWH were screened for participation in the study, including 34 ineligible and 54 eligible 

individuals. The most common reasons for exclusion were their being unable to commit to the 

entire study period or not having a Facebook account. Forty individuals were enrolled in the study, 
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of which 12 withdrew. All 28 participants who completed at least 20 conversations within 3 weeks 

were included in the analysis.  

 

Figure 5.3 Participants flow diagram throughout the study. 

5.4.2 Sample characteristics 

Table 5.2 describes the baseline sociodemographic characteristics of the study sample. Notably, 

most participants (23/28, 82.1%) self-identified as men. Preferred language was evenly distributed 

between English (15/28, 53.6%) and French (13/28, 46.4%). Nearly half of participants (13/28, 

46.4%) reported having a University degree. More than half (17/28, 60.7%) earned less than 

40,000 $CAD per year. 

In terms of experience with technology, almost two-thirds (18/28, 64.3%) had moderate experience 

with health-related apps. Nearly all participants (26/28, 92.9%) used their mobile devices several 

times a day and 89.3% (25/28) had used Facebook Messenger for more than two years. 
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Table 5.2 Sociodemographic characteristics of the sample (N=28). 

Age (years) a Mean (SD): 40.2 (11.5) 

Years diagnosed with HIV a Mean (SD): 8.2 (8.2) 

Gender No. (%) 

 

Men 23 (82.1) 

Women 5 (17.9) 

Preferred language  

 

English 15 (53.6) 

French 13 (46.4) 

Sexual orientation*  

 Heterosexual/Straight 6 (21.4) 

 Lesbian 1 (3.6) 

 Gay 19 (67.9) 

 Queer 2 (7.1) 

 Bisexual 4 (14.3) 

 Questioning 1 (3.6) 

 Other 1 (3.6) 

Ethnic groups*  

 English Canadian 1 (3.6) 
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 French Canadian 6 (21.4) 

 British 1 (3.6) 

 Other Eastern/Western European 3 (10.7) 

 West Asian 1 (3.6) 

 Arab or North African 3 (10.7) 

 Latin American 10 (35.7) 

 African 4 (14.3) 

 Black 5 (17.9) 

 Caribbean 1 (3.6) 

 Mixed race/ethnicity 1 (3.6) 

Highest education level  

 Secondary (High school) 2 (7.1) 

 Professional degree/College 6 (21.4) 

 CEGEP/Technical degree 4 (14.3) 

 University 13 (46.4) 

 Other 3 (10.7) 

Annual income ($CAD)  

 Less than $10,000 2 (7.1) 

 $10,000 - $ 19,999 5 (17.9) 
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 $20,000 - $ 39,999 10 (35.7) 

 $40,000 - $ 59,999 7 (25.0) 

 $60,000 - $ 79,999 2 (7.1) 

 $80,000 - $ 99,999 1 (3.6) 

 Greater than $100,000 1 (3.6) 

Most frequently used mobile device  

 Android 11 (39.3) 

 Apple iPhone 15 (53.6) 

 Tablet 1 (3.6) 

 Other ** 1 (3.6) 

Confident in the effective use of mHealth 

platforms/electronic surveys 
 

 Strongly disagree 4 (14.3) 

 Disagree 0 (0) 

 Neutral 1 (3.6) 

 Agree 12 (42.9) 

 Strongly agree 11 (39.3) 

Extent of use of health-related apps  

 

Never 4 (14.3) 

Very little 6 (21.4) 
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Sometimes 11 (39.3) 

Frequently 6 (21.4) 

Very frequently 1 (3.6) 

Frequency of use of mobile devices  

 

Several times a day 26 (92.9) 

Once a day 0 (0) 

Several times per week 2 (7.1) 

 Several times per month 0 (0) 

Experience with Facebook Messenger  

 

Less than 2 years 3 (10.7) 

2-4 years 4 (14.3) 

4-6 years 2 (7.1) 

6-8 years 3 (10.7) 

8-10 years 2 (7.1) 

More than 10 years 14 (50.0) 

a No missing data 

* Multiple-choice question 

** One participant answered “Laptop.” 
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5.4.3 Quantitative results 

5.4.3.1 Primary endpoints: Feasibility and global usability  

Regarding feasibility, 40 participants were recruited among 54 eligible contacts, with a study 

recruitment rate of 74% (40/54). The retention rate was 70% (28/40) with 28 completing the three-

week test.  

Table 5.3 shows the descriptive statistics for the UMUX-lite and AES. The mean value for the 

UMUX-lite was 69.9 (SD = 14.2), which surpassed the threshold of 68. The mean value of the 

AES was 23.8 (SD = 4.9), which was close to the expected mean threshold of 24. Checking the 

distribution of questionnaire data revealed one outlier. Excluding the outlying participant made 

both measures exceed their respective threshold, with no effect on the remaining results. 

Subgroup comparisons on both global usability measures are presented in Table 5.3. By skewness-

kurtosis test, all normal distributions of the subgroups held. Considering the preferred language, a 

greater proportion of participants rated the English version of MARVIN over threshold on both 

the UMUX-lite and AES (reported in Table 3 (60.0% (9/15) and 66.7% (10/15), respectively), 

compared to the French version (46.2% (6/13) for both). However, no significant differences were 

found between the means of both measures (P=.98 and P=.51) for the English and French 

subgroups.  

Regarding years since diagnosis with HIV infection, among participants diagnosed ≤5 years, 

57.1% (8/14) had mean UMUX-lite scores above the threshold, and 78.6% (11/14) had above-

threshold scores for the AES. In comparison, these values were 50.0% (7/14) and 35.7% (5/14), 

respectively for participants diagnosed >5 years. There was no statistically significant difference 

(P=.07) between the two subgroups in terms of UMUX-lite. On the AES, the mean of participants 

diagnosed ≤5 years was significantly higher than that of those diagnosed >5 years (P=.009). 
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Table 5.3 Primary endpoints: global usability and subgroup comparisons. 

Global usability 

 Measure Range Sample Mean (SD) Threshold >Threshold n (%) 

  UMUX-lite [12.1, 87.9] 

N=28 

69.9 (14.2) 68.0 15 (53.6) 

  AES [6, 30] 23.8 (4.9) 24.0 16 (57.1) 

  UMUX-lite [12.1, 87.9] 

N=27 

71.4 (11.9) 68.0 15 (55.6) 

  AES [6, 30] 24.2 (4.5) 24.0 16 (59.3) 

Subgroup comparisons 

 Measure Subgroup Sample size Mean (SD) P value* >Threshold n (%) 

 UMUX-lite Preferred language     

   English 15 69.8 (17.0) 

.98 

9 (60.0) 

   French 13 70.0 (10.9) 6 (46.2) 

  Years diagnosed with HIV     

   ≤5 years 14 74.7 (11.4) 

.07 

8 (57.1) 

   >5 years 14 65.1 (15.5) 7 (50.0) 

  Preferred language     

 AES  English 15 24.4 (5.5) 

.51 

10 (66.7) 

   French 13 23.2 (4.3) 6 (46.2) 

  Years diagnosed with HIV     

   ≤5 years 14 26.1 (3.6) 

.009 

11 (78.6) 

   >5 years 14 21.5 (5.0) 5 (35.7) 

* P values were calculated to test the null hypothesis that the observed means are equal between 

subgroups. 

UMUX-lite: Usability Metric for User Experience-lite 

AES: Acceptability E-Scale 
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5.4.3.2 Secondary outcomes: Usability subconstructs 

Results for the usability subconstructs are shown in Table 5.4. Means for PEU, PU, and BIU all 

exceeded the target score of 5 on 7. The NPS, which measured attitude towards MARVIN use, 

was equal to 14%, representing positive user ratings. Significant positive associations were found 

for all five hypotheses in the expected direction (P=.024 and P=.002 for H1 and H2, and P<.001 

for H3-H5, respectively). Corresponding scatterplots can be found in Multimedia Appendix 5. 

Perceived ease of use explained 18% and 31% of the variance in perceived usefulness and attitude 

towards use. Perceived usefulness explained 71% and 59% of the variance in attitude towards use 

and behavioral intention to use. Attitude towards use, on the other hand, explained 68% of the 

variance in behavioral intention to use. 

Table 5.4 Secondary endpoints: subconstructs of the TAM and their associations (N=28). 

 Secondary endpoint Score range Mean (SD)   

  Perceived ease of use (PEU) [1, 7] 5.6 (1.3)   

  Perceived usefulness (PU) [1, 7] 5.1 (1.6)   

  Attitude toward use (ATU) * 

Net Promoters Score * 

[0, 10] 

[-100%, 100%] 

7.4 (2.9) 

14% 

  

  Behavioral intention to use (BIU) [1, 7] 5.2 (2.0)   

Association between TAM subconstructs 

 Hypothesis Slope P value** 95% CI R2 

  H1 – PU=f(PEU) 0.53 .024 0.08-0.98 0.18 

  H2 – ATU = f(PEU) 1.22 .002 0.49-1.95 0.31 

  H3 – ATU= f(PU) 1.48 <.001 1.10-1.86 0.71 

  H4 – BIU = f(PU) 0.94 <.001 0.61-1.28 0.59 

  H5 – BIU=f(ATU) 0.57 <.001 0.42-0.73 0.68 

* We present the numerical results for ATU, and the final scores calculated using the NPS method. 

** P values were calculated to test the null hypothesis that there is no linear relationship between 

both variables.  
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5.4.4 Qualitative results 

5.4.4.1 Overview 

Between August 2021 and April 2022, a total of 11 participants were recruited to participate in 

two focus groups (1 in English, 1 in French, with 3 participants per group) and three one-on-one 

interviews (1 in English and 2 in French). Two participants did not attend the sessions, leaving 

nine. The thematic analysis identified 20 themes, representing 12 facilitators and 10 barriers to 

global usability, as presented in Table 5.5 with selected participant quotes. The remaining quotes 

contributing to the analysis can be found in Multimedia Appendix 6. 

Table 5.5 Themes identified with corresponding quotations, facilitators, and barriers. 

Domain Subdomain Theme Quotations Facilitator Barrier 

Implementation 

characteristics 

Intervention 

source 

Reliable 

information 

- We have a very major point that Google 

might be wrong, where you might be 

referred to many different answers and you 

don’t know what the right answer is. And 

here [MARVIN] we’re more confident that 

the information that has been offered to us 

is more accurate because it was 

professionally done. (P#1 Focus group, 

English, Age 32, Man) 

✓  

 Evidence 

strength and 

quality 

Easy-access, 

go-to tool 

- It's a reference tool for me. Every time I 

have a question, I'd have the reflex to go 

and ask my question to this chatbot and see 

its answer. (P#3 Interview, French, Age 56, 

Man) 

- Because there’s a lot of stuff I forgot 

about. So, I want a refresher. [MARVIN] is 

a good reference instead of seeing 

someone, waiting for a doctor’s 

appointment. (P#3 Focus group, English, 

Age 40, Man) 

✓  

Useful real-

time support 

- I find it really useful. The speed of 

response, and it also answers the majority 

of questions relating to this treatment, 

✓  
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vaccination, everything to do with HIV. I 

think it's great. (P#1 Focus group, French, 

Age 28, Man) 

- It was useful also for travelling and it 

[MARVIN] gave advice about timing and 

time zones. It’s helpful. (P#3 Focus group, 

English, Age 53, Man) 

Convivial 

conversation 

- But it's super easy to use, it really is a 

friend you can share a question with and get 

an answer. (P#3 Focus group, French, Age 

40, Man)  

- I’m satisfied with it [MARVIN] because 

it’s like you’re chatting with a 

friend…(P#1Interview, English, Age 37, 

Woman) 

- To me, I like the fun aspect of chatting 

with that [MARVIN], it makes it fun to 

make a question and get an answer. (P#2 

Focus group, English, Age 32, Man) 

✓  

Emotionally 

safe 

- No one is, what can I say, judging you… 

This platform [MARVIN] is good because 

there’s someone you can share with… I 

think MARVIN does not ask [me] to 

identify myself, so I think it’s a safe space. 

(P#1 Interview, English, Age 37, Woman) 

- Let’s say a category of questions that I 

would call ‘shame questions’ like: “What 

happens if I decide to not wear a condom 

anymore?” Talking to an A.I. that has this 

kind of answer would be very helpful so 

that you have the right answer, and you 

don’t do something stupid, but you also 

don’t feel guilty about asking this kind of 

question. (P#1 Focus group, English, Age 

32, Man) 

✓  

Confidential  - There is a value that you should present 

more that MARVIN is confidential, that it 

✓  
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does not share information with other 

researchers, with other people. (P#3 Focus 

group, French, Age 40, Man) 

Lack of 

conversation 

topics 

- For a start, it's very good. On the other 

hand, I did ask some more detailed 

questions, but unfortunately, I didn't get the 

answers [I wanted]! (P#2 Focus group, 

French, Age 34, Man)  

- Because there’s so many things we would 

want to ask. So, if you can go deeper and 

make MARVIN be available to answer, ask 

everything, it would help. (P#2 Interview, 

English, Age 53, Woman) 

 ✓ 

Limited 

understanding 

of user input 

- I asked: “What is an undetectable viral 

load?”… MARVIN didn’t have a good 

answer, but I rephrased to “What does 

undetectable mean?” And that [answer] was 

exactly what I wanted… (P#1 Focus group, 

English, Age 32, Man) 

- For me, the thing MARVIN can improve 

is his language. He doesn't understand 

everything other people say. All that is to 

make it easier for other people to use and 

maybe if you could do it in languages apart 

from English and French. (P#1 Focus 

group, French, Age 28, Man) 

 ✓ 

Useful 

reminders but 

still room for 

improvement 

- So, it can remind us to take our 

medication… It's very useful for me. (P#3 

Interview, French, Age 56, Man) 

- I think it could be very useful to use as a 

reminder for multiple things like… It’s 

been 3 months or 6 months, shouldn’t you 

do bloodwork again? …These kinds of 

reminders as well. (P#1 Focus group, 

English, Age 32, Man) 

✓  

Desired 

features 

- To make MARVIN easier to use, is it 

possible for MARVIN to have memories? 

 ✓ 
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beyond 

conversation 

content 

Because, for example, when I ask him 

about medication, he always asks me the 

same question: “What medication?”. (P#3 

Focus group, French, Age 40, Man) 

- MARVIN should, in the future, if it starts 

to detect something odd in the person's 

questions, that it can also act as an alert for 

specialists. I think it would be useful for the 

specialists. (P#3 Focus group, French, Age 

40, Man) 

Lack of 

proactivity 

- It’s very passive right now: you need to 

ask, and it responds. But if it could ask you 

and sort of come up with an answer based 

on the questions. (P#3 Focus group, 

English, Age 53, Man) 

 ✓ 

Allows for 

health-related 

teaching 

moments 

among peers 

or friends 

- I once used MARVIN in front of a friend 

to explain what "undetectable" meant. 

MARVIN responded quickly, explaining 

everything. I think this is another advantage 

of MARVIN. (P#1 Focus group, French, 

Age 28, Man) 

✓  

Relative 

advantage 

More 

comprehensive 

information 

available 

elsewhere 

- But on CATIE you can find all the 

information you need about travel. CATIE 

covers an enormous amount of information. 

(P#2 Focus group, French, Age 34, Man) 

 ✓ 

Trust in 

MARVIN vs 

doctor’s 

advice 

- And I learned a few things too because the 

doctor said different things from what 

Marvin did. I really wanted to understand 

time zone changes. I noticed with Marvin it 

was pretty good for that. My doctor said 

something else [compared to MARVIN] to 

answer the question [when to take your 

medication when travelling] but I don’t 

know if I agree with that... (P#3 Focus 

group, English, Age 53, Man) 

✓ ✓ 
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- The subject of medication, I leave only to 

the doctors. (P#3 Focus group, French, Age 

40, Man) 

Adaptability Accessible on 

different 

devices 

- I use it on my PC only. I don’t use it on 

my phone because I decided to create a new 

account for that. (P#3 Focus group, 

English, Age 53, Man) 

- And it works both ways [mobile and PC] 

very well. As far as I'm concerned, I haven't 

had any problems with bugs, whether on a 

mobile interface or a fixed interface, laptop. 

(P#2 Focus group, French, Age 34, Man) 

✓  

Complexity Preference for 

other 

platforms 

- Couldn't we simply have a connection 

with the MUHC website, so that we could 

connect directly there and not have to go 

through Facebook. For my part, I'm a bit 

worried about data confidentiality. I'm a bit 

worried about security. (P#3 Interview, 

French, Age 56, Man) 

 ✓ 

Design quality & 

packaging 

Need for 

instructional 

materials on 

MARVIN 

- It was a bit tricky at first, as you know, 

yeah (laughs). You (coordinator) did help 

me through it… I think it’s because I’m not 

that good with social media and 

technology. (P#1 Interview, English, Age 

37, Woman) 

- Yes, it’s useful to put a guide for everyone 

that uses MARVIN. Even an explanatory 

video on the main page or you ask 

MARVIN for the guide, and it gives it to 

you … (P#1 Focus group, French, Age 28, 

Man) 

 ✓ 

Outer setting Patient needs & 

resources 

More pertinent 

for people 

who recently 

initiated ART 

- I'm someone who's been undetectable for 

several years and I've been HIV positive 

since 2006… I know my medication very 

well, I know what I have to do, so I don't 

need to go looking for information as much 

as I did before. On the other hand, I can 

✓ ✓ 
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understand that someone recently 

diagnosed with HIV will find it useful. (P#3 

interview, French, Age 56, Man) 

- If it’s someone that just found out about 

their status. For sure it’s an uncomfortable 

position. Maybe you don’t want to talk to a 

doctor, or you can’t see a doctor right 

away… It [MARVIN] is not really 

someone but it’s just something that can 

have a conversation with you and provide 

answers to the questions you have. So, for 

sure, it would be helpful for someone that is 

in the beginning of the treatment. (P#1 

Focus group, English, Age 32, Man) 

Relevant for 

all sexually 

active people, 

regardless of 

HIV status 

- I think any knowledge that is basic about 

HIV is important to any person who 

engages in sexual activities, even if they 

have never tested positive. (P#1 Focus 

group, English, Age 32, Man) 

✓  

Cosmopolitanism Absence of 

referrals 

- If it [MARVIN] is not able to answer me, 

but at least able to direct me to a first line, a 

physical person would answer me there, or 

saying "In 24 hours, there's someone who 

will answer you or call you." (P#3 

Interview, French, Age 56, Man) 

 ✓ 

PEU = Perceived ease of use; PU = Perceived Usefulness; ATU = Attitude towards use; BIU = 

Behavioral intention to use 

5.4.4.2 Implementation characteristics 

5.4.4.2.1  Intervention source 

Theme: Reliable information 

Participants found MARVIN to be a reliable source of medical knowledge and information as it 

was validated by expert health professionals. Users felt that responses were accurate and more 

trustworthy than what they would normally find on common search engines (e.g., Google). This 

theme was identified a facilitator to perceived usefulness and behavioral intention to use. 
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5.4.4.2.2  Evidence strength and quality 

Theme: Easy-access, go-to tool 

MARVIN’s ease of accessibility made it a tool that participants would think of using first when 

they had questions that needed answering, eliminating the need to wait for their next clinical 

appointment. We identified this theme as a facilitator of perceived ease of use and behavioral 

intention to use. 

Theme: Useful real-time support  

MARVIN’s ability to respond instantly worked to its advantage when users needed a quick 

response. Users would get a timely answer to a wide range of questions, which participants 

considered very useful. The travel-related content was especially appreciated by some participants, 

as they would not usually see their doctor before travelling. This theme contributed to MARVIN's 

perceived usefulness and users' attitudes towards its use. 

Theme: Convivial conversation  

The day-to-day use of MARVIN was described by participants as easy and straightforward since 

MARVIN functions like a normal conversation with a friend. The conversational nature of 

MARVIN was a further enjoyable factor for one participant. The question-and-answer interaction 

added an engaging and convivial atmosphere, making the chat an experience in itself. This theme 

was among the contributing factors to MARVIN’s perceived ease of use.  

Theme: Emotionally safe  

The fact that MARVIN is an AI, i.e., non-human, was said to put many participants at ease. It did 

not ask identifying questions and was thus considered a safe space for them to confide sensitive 

information. Indeed, MARVIN’s non-judgmental nature allowed them to ask questions that would 

be difficult to ask a doctor without fear of being judged. This promoted users' attitude towards 

MARVIN use. 

Theme: Confidential 

Confidentiality was stated by many participants as one of the most important characteristics of 

MARVIN. The users appreciated that the data were stored on the research institute’s internal server, 
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accessible only to the research team. This was also one of the facilitators of attitude towards 

MARVIN use. 

Theme: Lack of conversation topics 

While participants expressed their satisfaction with MARVIN as a first release, they also pointed 

out that conversations with the chatbot were superficial and that some questions were not 

answered in a useful way. Participants wished for MARVIN to cover a wider range of topics and 

to delve deeper into its existing topics, which included: 1) lifestyle and behavioral factors: diet, 

nutrition, exercise; 2) HIV treatment: updates on new treatments and diseases, pre-exposure 

prophylaxis; 3) reproductive and sexual health: pregnancy, breastfeeding, sexual health behaviors, 

and other sexually transmitted infection-related information; 4) healthcare service support: 

appointments/vaccination scheduling, symptom checkers; 5) mental health support: resources on 

local psychologists; and 6) socioeconomic issues: immigration process, financial and insurance 

support. This theme was identified as a barrier to perceived usefulness. 

Theme: Limited understanding of user input 

In some instances, MARVIN was unable to give answers that were already in its knowledge base 

because it did not understand the way the questions were posed by users. Some participants 

reported that they had to rephrase certain questions for MARVIN to provide a related answer. On 

this theme, one participant emphasized the utility of offering multilingual support, which could 

make MARVIN more user-friendly by having it learn languages other than French and English. 

This point hindered both MARVIN’s ease of use and users’ attitude towards its use. 

Theme: Useful reminders but still room for improvement 

The current daily medication reminder function was used and appreciated by many participants. 

However, they would like this feature to be more adaptable, such as a one-time reminder that is 

not repeated daily, or a reminder for a 6-month hospital follow-up visit. This was one of the 

facilitators of MARVIN’s perceived usefulness. 

Theme: Desired features beyond conversation topics 

It was suggested that MARVIN could be enriched to deliver information in more compelling ways, 

for example through videos and pictures. A few participants also suggested improving MARVIN 

with a working memory, so it could remember some important previous questions and answers 
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(e.g., the medication they are taking). This would spare them the trouble of asking or answering 

the same questions repeatedly. Detecting anomalies in conversations and sending alerts to 

healthcare professionals, with the user's consent, were also raised as potentially useful features. 

This theme was identified as a barrier to MARVIN's perceived ease of use and perceived 

usefulness. 

Theme: Lack of proactivity 

Interactions with MARVIN currently require the user to ask questions first. Participants expressed 

their desire for MARVIN to be more proactive. They envisioned MARVIN asking questions, 

initiating conversations, and providing information without waiting for a prompt. This lack of 

proactivity was also seen as a barrier to MARVIN's perceived ease of use and perceived usefulness. 

Theme: Allows for health-related teaching moments among peers or friends  

Some participants mentioned that MARVIN was able to facilitate health discussions with their 

friends. Access to accurate information through MARVIN helped address some of their health 

concerns and played a role in peer health education. This fact contributed to MARVIN’s 

perceived usefulness and user's behavioral intention to use it. 

5.4.4.2.3  Relative advantage  

Theme: More comprehensive information available elsewhere  

Participants indicated that there are other, more comprehensive sources of information than 

MARVIN, which currently covers a limited number of topics. These included CATIE [79], a well-

known Canadian site for information on HIV treatment. This limited MARVIN’s perceived 

usefulness and users' behavioral intention to use it. 

Theme: Trust in MARVIN vs doctor’s advice 

We found that participants had different levels of trust in MARVIN versus the guidance provided 

by their physicians on certain topics. For example, one participant reported discrepancies between 

MARVIN’s response and their doctor’s recommendations on how to manage ART when time 

zones change, preferring MARVIN's advice. However, another participant indicated that for topics 

related to medication, he would defer to his doctor’s advice. This theme was identified as both a 

facilitator and a barrier to the behavioral intention to use. 
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5.4.4.2.4  Adaptability 

Theme: Accessible on different devices  

MARVIN is accessible through Facebook Messenger, which allows users to interact with 

MARVIN on their phone or portable devices and computer as well. Some participants exclusively 

used one specific device to access MARVIN, while others used multiple devices. This facilitated 

MARVIN’s perceived ease of use. 

5.4.4.2.5  Complexity 

Theme: Preference for other platforms  

MARVIN is currently limited to Facebook Messenger and participants were concerned about the 

privacy issues brought up in the past with Facebook, the broader social media of which Facebook 

Messenger is part of. Even if they were informed that conversations could be removed from 

Facebook, users expressed a lack of trust. Besides, Facebook is simply not the preferred social 

media of many participants, and making MARVIN available on a variety of platforms would 

increase access. Participants suggested alternative popular social media platforms (e.g., 

WhatsApp), creating a MARVIN application to install on devices, or giving access directly 

through healthcare organizations (e.g., MUHC) website. We identified this theme as a barrier to 

attitude towards use and behavioral intention to use. 

5.4.4.2.6 Design quality & packaging 

Theme: Need for instructional materials on MARVIN 

Some participants indicated that they were not familiar with the platform (i.e., Facebook 

Messenger) itself or social media in general. The inherent technological aspect of a chatbot is also 

a barrier to some individuals. These contributed to a more difficult setup process and a steeper 

learning curve, whereas the training session prior to usability testing was perceived as beneficial 

by participants. Further, they felt that a future guide or a video tutorial explaining MARVIN and 

how to use it would make it more accessible and less intimidating for those unfamiliar with 

chatbots. This theme was considered a barrier to perceived ease of use. 
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5.4.4.3 Outer setting 

5.4.4.3.1 Patient needs & resources 

Theme: More pertinent for people who recently initiated ART 

Several participants who had been living with HIV for several years mentioned that MARVIN’s 

conversation topics were more appropriate for recently diagnosed treatment-naïve patients. They 

stated already knowing most of the information it provided. One interviewee also highlighted that 

newly diagnosed patients are more likely to be in a state of stress or unease; in this case, MARVIN 

could act as a conversation starter. This theme was identified as both a facilitator and a barrier to 

perceived usefulness and behavioral intention to use. 

Theme: Relevant for all sexually active people, regardless of HIV status  

For some participants, MARVIN’s potential user base could extend beyond PWH. They reported 

that basic HIV-related knowledge was essential for anyone who is sexually active. Participants 

found having conversations with MARVIN was also valuable for people who are not living with 

HIV. This contributed to MARVIN's perceived usefulness and users’ behavioral intention to use 

it. 

5.4.4.3.2  Cosmopolitanism 

Theme: Absence of referrals 

In cases where MARVIN is unable to answer a question, some participants suggested that the 

chatbot provide reputable resources for advice or redirect users to specific professionals. Doing so 

would create a win-win situation, both by ensuring a timely response and by providing access to 

further assistance. This theme was identified as a barrier to perceived usefulness. 

5.5 Discussion 

5.5.1 Principal findings 

Our team developed MARVIN, the first chatbot to promote self-management among PWH with a 

focus on ART adherence. The present work sought to assess 1) the feasibility of using MARVIN 

by PWH, 2) its global usability, as well as 3) four usability subconstructs and their 

interrelationships following the technology acceptance model. Quantitatively, our findings, from 

28 participant PWH, support the feasibility and usability of MARVIN for the study sample. Our 
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qualitative results showed that usability facilitators for MARVIN included the provision of reliable 

information and useful real-time support, as well as its easy accessibility. Participants perceived a 

sense of conviviality, emotional safety, and confidentiality from talking to MARVIN. However, 

limited understanding of user input and lack of conversation topics were identified by participants 

as major usability barriers to the current chatbot. It was also desired that MARVIN would offer 

more features, be implemented on more platforms, and provide instructional materials on its use. 

Concerning feasibility, the recruitment rate was 74% (40/54), with 70% of participants completing 

at least 20 rounds of conversation with MARVIN in three weeks, rates comparable to other 

successful healthcare chatbot studies [80, 81]. This happened despite the COVID-19 pandemic, 

which posed a degree of challenge to the recruitment and conduct of the study, with all processes 

conducted remotely. Automatic weekly study reminders to participants likely facilitated the high 

retention rate, as found in other research [82]. Overall, we can confidently conclude that patient’s 

use of the MARVIN chatbot was feasible in this context of implementation. 

Regarding the results of the usability questionnaire, the UMUX-lite mean exceeded the preset 

threshold for success (69.9/68), while the AES measure was very close to target (23.8/24). Coupled 

with the fact that over half of participants scored above both thresholds (15/28 for UMUX-lite, 

16/28 for AES), we consider that these results provide evidence of MARVIN’s global usability in 

the study sample. Mean scores of perceived ease of use, perceived usefulness, and behavioral 

intention to use also surpassed the cut-off value of 5/7 and the Net Promoters Score indicated a 

positive attitude towards MARVIN (+14%), further substantiating its usability.  

As per ease of use, the qualitative analyses revealed that participants found MARVIN was easily 

accessible across various interfaces such as smartphones, tablets, and laptops. Furthermore, almost 

everyone in our sample (26/28) used mobile devices multiple times per day, and the vast majority 

(23/28) were confident at baseline in using mHealth platforms effectively and had experience with 

similar applications (18/28). These findings as well as the growing popularity of mobile 

technology may have contributed to the high ease of use observed in this study, which is consistent 

with previous studies [11, 41, 83, 84]. Participants also reported that with the on-call MARVIN 

chatbot, PWH can obtain needed information, resources, and support to self-manage their health 

anytime, anywhere, without having to wait for the next meeting with their doctor. However, some 

participants struggled with chatbot technology and social media due to gaps in digital literacy. 
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While a training session on MARVIN was provided by the technical coordinator to participants 

before study entry, the qualitative results stressed participant preferences for further instructional 

materials on the chatbot. We thus need to develop and disseminate relevant user guides or video 

tutorials for all prospective MARVIN users to aid their use and ensure equitable delivery of the 

intervention.  

Convivial conversation was another factor explaining MARVIN’s ease of use, with several 

interviewees expressing how using MARVIN was like chatting with a friend. Consistent with our 

attempts to include empathic elements (e.g., smiley emoji, words of encouragement) when 

designing predefined messages [42], this contributes to the chatbot’s usability and potential to 

comfort users. Certainly, the quality of interaction could be improved. Several participants 

indicated that MARVIN sometimes required multiple user attempts to answer questions correctly 

on certain topics. Such limited comprehension disrupted the fluidity of use, which may in turn 

reduce their willingness to use it. Technically, the English language model is easier to train than 

the French one and therefore promises better results [85]. However, there was no significant 

difference (P=.07) in the primary outcomes between the two versions when comparing the 

language-based groupings. Further development will focus on collecting more training data and 

improving MARVIN’s comprehension in both languages. Considering the high proportion of 

immigrants people among newly diagnosed PWH in Canada and that language barriers are a key 

challenge to linkage and retention in care [86], new language versions (e.g., Spanish), as proposed 

by participants could also be developed. Large Language Models (LLMs) will also be integrated 

into MARVIN in the future. Represented by ChatGPT launched in late 2022, they offer impressive 

comprehension capabilities compared to traditional technologies, while also generating fluent 

responses [87]. Their multilingual capabilities could also help address potential language barriers 

[88]. However, a narrative review of HIV care-related chatbots noted that current LLMs can 

provide biased and fabricated responses, challenging their practical application [33]. 

Emotional safety and confidentiality were highlighted by participants, during the qualitative 

interviews, as two other prominent factors contributing to satisfaction with MARVIN. Many PWH 

still face significant psychological challenges as they are often discriminated against, socially 

isolated, and stigmatized for their condition [31, 89]. A needs-assessment study identified a 

concern that non-human interactions with chatbots could exacerbate feelings of marginalization 

due to the technology’s lack of empathy [90]. However, our findings, along with those of other 
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studies [11, 38, 40, 41, 83, 84], suggest that a nonjudgmental chatbot like MARVIN can provide 

PWH a reassuring connection. Its objectivity and user anonymity allows for open discussion on 

sensitive or taboo topics [91] such as sexual behavior and HIV transmission prevention without 

fear of being criticized. This encourages users to seek information freely and might enhances their 

willingness to use MARVIN. However, the choice of Facebook Messenger as the interface for 

deploying MARVIN was seen as a big hurdle by some participants. Some PWH were unable to 

participate because they did not have a Facebook account, and a further subset expressed concern 

about Facebook’s poor privacy record. Consequently, we have begun work on a standalone web 

user interface. Additional options (e.g., third-party mobile applications) are also being considered 

and will be changed in the future to improve user trust and adoption. 

Interviewees also appreciated MARVIN's ability to provide reliable and useful real-time 

information related to ART self-management, with reminders and medication management while 

traveling being particularly appreciated by some. We attribute the perceived trustworthiness of 

MARVIN’s content to the co-design strategy implemented through patient and stakeholder 

engagement: ongoing communication with patient experts identified medication adherence as the 

primary goal of MARVIN, and healthcare professionals ensured information reliability, both of 

which contributed to usability. However, some participants perceived MARVIN as more suitable 

for newly diagnosed PWH. Subgroup comparisons, in the statistical analyses, showed significantly 

higher acceptability (P=.009) among patients diagnosed in the last 5 years than among those 

diagnosed earlier. A similar though insignificant difference was also found for usability (P=.07). 

MARVIN’s relevance for more newly diagnosed PWH suggests that it can play a role in models 

for rapid ART initiation which is considered a key strategy for achieving rapid viral suppression 

[86]. Patients involved in this model of care are typically treatment-naïve and require HIV-related 

health information to answer their concerns [92]. For those who have a seasoned understanding of 

ART management, the breadth and depth of MARVIN’s conversation topics must be further 

expanded. A previous finding underscored that treatment adherence is but one of the many facets 

of HIV self-management [93]. In fact, MARVIN has grown since this study’s completion to 

include more than 50 new topics (e.g., lifestyle, socioeconomic issues, mental health). It also 

addresses healthcare practices to promote PWH self-management of overall health, with more than 

20 in preparation as of April 2024. And, based on participant input, referrals to relevant 

information and other external sources will also be added to enhance MARVIN’s usability. Once 
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again, LLMs also have a very high potential to address content breadth. In a study using the 

ChatGPT test for ART counseling and advice, it answered all questions accurately and 

comprehensively [94]. However, given the current limitations of LLMs in terms of interpretability, 

privacy protection, data transparency and liability for use [95, 96], research is needed to investigate 

how to integrate them safely and responsibly into healthcare chatbot services. 

In addition to the conversation capabilities, interview participants expressed their desire for more 

advanced chatbot features. For example, participants wanted MARVIN to have memories. 

Currently, MARVIN is repetitive and always collecting the same information, which degrades the 

user experience. Long-term memory of key information is important and could simplify chatbot 

use. But even today’s most powerful LLMs still face the challenge of poor memory capacity [97]. 

The status quo of chatbots, not limited to those used in healthcare, is that the majority can only 

perform short-term ad hoc interactions and have no memory [98-100]. There is a need to optimize 

access to the long-term context of conversational threads [101]. Lack of proactivity was another 

issue mentioned by participants. Prolonged interactions with chatbots that lack proactivity will 

create a sense of predictability for users, who will know the subsequent interactions they will 

encounter, thus reducing motivation to use them after the novelty wears off [102, 103]. Therefore, 

MARVIN must acquire the ability to initiate new conversations to increase its usability and ensure 

the long-term retention of its users. Participants suggested that question triaging, as seen with the 

Vik chatbot [12] and Woebot [15], may enhance chatbot proactivity. Yet, doing so could lead users 

to expect even more proactive bot interactions, and failure to fulfill this anticipation can negatively 

impact perceived chatbot usability. In sum, future development needs to enable MARVIN to utilize 

memory data and engage more proactively in deeper conversations. 

The potential target audience for MARVIN may be broader than anticipated, given our qualitative 

findings. They suggest the chatbot’s accurate and useful information as well as ease of use motivate 

users to share it with their peers, thus promoting better dissemination of HIV-related knowledge. 

Meanwhile, interviewees highlighted that HIV-related knowledge is not only relevant to PWH but 

is essential for every sexually active person. Several chatbots have indeed been developed to focus 

on pre-exposure prophylaxis information and help facilitate HIV self-testing [11, 33, 36, 38-41, 

104]. Such efforts highlight the promising future of chatbots in different areas of HIV care. It is 

important to note, however, that the main role of MARVIN will continue to be assisting PWH 

rather than replacing healthcare professionals. While many participants reported trusting 
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MARVIN, some said they would only trust healthcare providers on certain topics. Especially when 

it comes to diagnosis and treatment options, or topics where the use of chatbots is restricted, users 

need to be directed to professional human resources. 

Lastly, regarding our secondary endpoints, all validated positive associations attested to the 

appropriateness of the TAM to elucidate usability. ATU explained a significant portion of the 

variance in BIU (H5), as did PU for ATU (H3). This can be explained by our qualitative analyses: 

with emotional safety identified as a facilitator of ATU, participants would have the intention to 

converse with MARVIN. The results for H5 and H3 may also explain the only moderate and weak 

predictive power of PU for BIU (H4) and PEU for ATU (H2). In the case of H1, PEU has a weak 

explanatory power of for PU. This may be due to the fact that other external variables that are not 

part of the chatbot itself (i.e., alternative information resources, external referrals) have a greater 

influence on PU as antecedents of TAM (as shown in Figure 5.2). Future research could focus on 

investigating these parameters to better predict perceived usefulness and refine the application of 

the TAM model to chatbot evaluation. 

5.5.2 Limitations  

We acknowledge several limitations of this study. First, while the overall socio-demographic 

characteristics of the usability study participants including age, race, and education level were 

relatively diverse, it is important to highlight the gender imbalance of the participants. Digital 

divides related to limited technology access may alienate certain groups, such as women [105, 

106]. Although, 40% of clinic patients are women, only 14.3% of the participants in this study 

were women. The outcomes for this user group need further study to determine if there is a gender 

gap in the use of MARVIN. Moreover, given the limited number of conversation topics, new 

subjects regarding women's health and pregnancy will be added. Female users will also be invited 

to participate more in the implementation process in the future to improve MARVIN’s adoption 

in this important population. 

Secondly, partly due to convenience sampling and the small sample size, participants overall had 

relatively high levels of digital experience or interest in information technology. This may have 

introduced a sampling bias to our findings. The single-group, short-term and single-site study 

design also limits the generalizability of our findings. To gain a deeper understanding of chatbot 

implementation, we have developed a master protocol for future research, based on the design and 
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results of this study [42]. Clinical validation will be conducted with a larger sample of users to 

further investigate chatbot performance in large-scale implementations. Randomized controlled 

trials with chatbot interventions need to evaluate other treatment modalities in parallel [107, 108]. 

5.6 Conclusions 

Our MARVIN chatbot was validated for its usability in promoting PWH self-management, and 

the mixed methods design allowed us to gain a detailed understanding of the facilitators and 

barriers to usability. Our findings further demonstrate the promise of chatbots for HIV care and 

provide direction for MARVIN’s further development. Next steps will focus on integrating LLMs 

to improve MARVIN’s comprehension and expand its content, as well as to enhance the chatbot’s 

functional intelligence, including memory and proactivity, to better respond to the needs of PWH. 

Given the limitations of current LLMs, their integration with MARVIN must advance prudently 

and responsibly. Ultimately, we hope MARVIN will become a personalized health companion for 

PWH. 
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6.1 Abstract 

Optimal adherence to antiretroviral therapy (ART) is essential to HIV care but challenging. We 

developed large language models (LLMs) to identify adherence barriers (Thoughts & feelings, 

Habits & Activities, Social Situation, Economic Situation, Medication, Care, Health, None) and 

stratify nonadherence risk levels (High, Medium, Low, None) from patient messages. Fine-tuned 

Flan-T5 models were optimal for barrier detection (Macro-F1=0.83) and risk stratification (Macro-

F1=0.80). Fine-tuned general-domain LLMs significantly outperformed clinical foundation 

models (ΔMacro-F1= [-0.11, -0.02], P<.001) on the primary test split, and outperformed large-

scale LLMs (ΔMacro-F1= [-0.38, -0.07], P<.001) on the external validation dataset. Flan-T5 

demonstrated greater robustness to demographic descriptors, whereas GPT-4.1&Gemma3 

frequently reclassified inputs as None (44% & 33%). GPT-4.1’s inference consumed ~30× more 

energy than Flan-T5-xl (0.376vs0.013 kWh/1,000 inferences), with carbon emissions varying by 

model hosting location. LLM-based approaches show promise for real-time, scalable ART 

adherence monitoring. However, these findings highlight the need for careful model selection, 

fairness assessment, and consideration of environmental sustainability in clinical AI development. 
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6.2 Introduction 

Antiretroviral therapy (ART) has transformed HIV into a manageable chronic condition, 

substantially increasing the life expectancy of people with HIV (PWH) [1, 2]. However, 

maintaining optimal ART adherence remains a persistent challenge. Evidence from a Canadian 

retrospective study found that nearly 20% of PWH had adherence rates below 85% [3]. Similarly, 

a U.S. study [4] and a multi-country survey [5] reported that 40% and 25% of individuals, 

respectively, fell below 80% adherence [6, 7]. Suboptimal adherence not only leads to poorer 

clinical outcomes [8] and viral resistance [9] but also increases the risk of loss to follow-up [10, 

11] and onward transmission [12]. 

Adherence barriers are factors that interfere, whether temporarily or persistently, with a person’s 

ability to take medication as prescribed. Early identification is essential to enable timely 

intervention and prevent or limit treatment interruptions. Multiple clinical guidelines [13, 14] 

emphasize the importance of regularly assessing adherence barriers to promote personalized, 

patient-centred care. Yet, identifying these factors in routine clinical care remains difficult. 

Experiences of adherence may be discussed during medical consultations, but these are often 

constrained by limited time, competing demands, or patient discomfort discussing sensitive topics, 

and even physician unease in initiating such conversations [15-18]. Patient-reported outcome 

measures (PROMs) provide a standardized alternative but are infrequently integrated into HIV 

care due to concerns about increased workload, patient motivation, and unfamiliarity with 

interpreting results [19, 20]. Retrospective approaches such as pharmacy refill data or electronic 

health records [21] can offer useful insights into ART adherence patterns. However, they are 

inherently reactive, typically identifying problems only after adherence has declined, without 

necessarily revealing the underlying reasons for missed doses or allowing for anticipation of 

emerging adherence challenges [22, 23]. Proactive strategies are therefore needed to detect early 

warning signs and intervene before significant lapses occur. 

In recent years, mobile health (mHealth) tools–such as SMS/text messaging [24-26], patient 

portals [27-30], and chatbots [31-33]–have been explored to support ART adherence by enhancing 

patient engagement in care [26, 27, 30], improving communication [25, 33], and facilitating self-

management [24, 31]. These tools are perceived by PWH as acceptable and easy to use [24, 28-

32, 34], with positive impacts on adherence documented in several studies [24, 28-30, 34]. 
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However, their effectiveness often declines over time [24, 34]. Research highlights the need for 

more comprehensive, personalized, and proactive content to sustain user engagement and address 

evolving needs [24, 31, 32, 34]. Interestingly, patients generate a large volume of messages during 

interactions with mHealth platforms, which contain rich yet mostly untapped information relevant 

to adherence monitoring. One promising strategy is to analyze these messages to triage emerging 

adherence problems and tailor interventions accordingly. The advent of large language models 

(LLMs) presents a viable opportunity to automatically detect ART adherence barriers from these 

unstructured data streams. Prior research has shown the potential of AI-based natural language 

processing (NLP) techniques to analyze patient messages for early detection of depression [35] 

and mental health crises [36, 37], both recognized as well-established barriers to ART adherence. 

Leveraging such approaches may enable earlier identification of patients at risk of nonadherence, 

facilitating timely and targeted interventions.  

Despite growing interest in such applications, limited information exists on which models are best 

suited for processing unstructured patient messages. Model selection is critical in healthcare AI 

model development [38], where clinical foundation models – pretraining on biomedical or clinical 

records – are often assumed to outperform general-domain models following fine-tuning for 

downstream clinical NLP tasks [39-41]. However, recent studies have challenged their added value 

in real-world settings [42]. Despite strong performance on benchmark NLP tasks, these models 

may not generalize well to such informal, patient-facing tasks. This is particularly relevant for 

classification tasks involving patient-generated messages, which use everyday language that may 

not be well captured in clinical training data [35]. In parallel, larger-scale LLMs such as GPT-4 

have demonstrated robust performance on standardized exams (e.g., with GPT-4 passing the 

United States Medical Licensing Examination (USMLE) [43]) and clinical knowledge in HIV care 

[44, 45], but this does not guarantee their ability to identify nuanced adherence barriers from 

patient-generated messages. These gaps highlight the need to evaluate model suitability for 

identifying adherence challenges in real-world HIV care contexts.  

Equally important is ensuring the fair and sustainable development and deployment of LLM-based 

models in HIV care. Responsible AI development needs to align with social and environmental 

values and minimize potential harms [46]. For example, a key fairness concern is that LLMs may 

perpetuate racial and gender biases in healthcare [47], which is particularly troubling in contexts 

where intersecting stigma already disproportionately impacts marginalized communities [48, 49]. 
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Without careful design and oversight, these technologies risk amplifying existing inequities and 

reinforcing the very stigma they should dismantle. Sustainability is another essential consideration 

[50], particularly as LLMs gain traction in healthcare and their environmental footprint raises 

growing concerns about the long-term viability of AI [51, 52]. Transparency must extend beyond 

publishing performance results to include energy consumption and carbon emissions to support 

more informed and targeted model development and deployment decisions. Assessing these key 

model features is critical to inform the development of LLM-based tools to support ART adherence 

and ensure their effective deployment in real-world healthcare settings. 

6.3 Objectives 

The primary objective of this study was to develop and validate LLM-based triage models to 

automatically and proactively identify ART adherence challenges from patient-generated 

messages. Specifically, we aimed to 1) assess the comparative performance of fine-tuned general-

domain versus clinical foundation models, alongside the GPT family and other open-source LLMs 

on adherence barrier and associated nonadherence risk classification informed by adherence level 

thresholds; 2) Examine potential model biases related to racial and gender descriptors; and 3) 

assess the energy consumption and carbon footprints of model development and deployment.  

6.4 Methods 

6.4.1 Participatory design approach 

Given the interdisciplinary scope and the patient-centered nature of the study, we adopted a 

participatory design approach [53]. A co-construction committee was established at the outset of 

the study, comprising three PWH, three HIV care specialists (one pharmacist, two research nurses), 

one medical resident, and one engineering researcher. The committee actively contributed to key 

stages of the project, including data annotation, model development, and validation. This 

collaborative approach ensured that the evolving tool reflected patient priorities and supported the 

development of a trustworthy healthcare AI solution [54, 55]. 

6.4.2 Ethical considerations 

This study received approval from the McGill University Health Centre research ethics board on 

August 10, 2023 (approval: MP-37-2023-9333R). 
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6.4.3 Conceptual framework and definitions 

ART adherence barriers are complex and multifactorial. To guide our classification, we drew on 

the conceptual framework and content of the 7-item Interference-Score (I-Score) PROM–a 

stakeholder-informed tool developed to facilitate the identification and discussion of ART 

adherence barriers in routine HIV care [56]. The I-Score captures the presence of barriers within 

seven domains and our barrier categories mirror these: 

1) Thoughts & feelings: this includes barriers related to acceptance of having HIV, emotions 

(feeling sad, anxious, etc.), medication-related knowledge and beliefs or motivation to take 

medication. 

2) Habits & Activities: this encompasses barriers tied to daily life (one’s schedule, priorities, 

etc.) or substance use (alcohol, drugs, or other substances). 

3) Social Situation: this involves barriers due to personal relationships or the experience of 

stigma. 

4) Economic Situation: this includes financial or housing-related barriers. 

5) Medication: this includes barriers associated with the HIV medication, namely its side 

effects, instructions or physical features (for example, pill size or taste). 

6) Care: this refers to barriers due to issues with healthcare professionals, the clinic, the 

pharmacy, or payment of medication or care. 

7) Health: this includes barriers attributed to lab test results, HIV symptoms or overall health. 

To inform the risk classification scheme, we defined adherence levels as a function of the number 

of nonadherent days within a 30-day period, based on clinical literature [5, 6, 57] and committee 

input: 

- Perfect adherence: No missed doses 

- Optimal adherence: ≥95% and <100% (i.e., ≤1 missed dose) 

- Near-optimal adherence: <95% and ≥80% (i.e., 2–5 missed doses, not occurring consecutively) 

- Suboptimal adherence: <80% (i.e., ≥6 missed doses) 

Overall, the four-level risk classification scheme takes account of the severity and frequency of 

adherence-related challenges in the message. See Table 6.1 for illustrative examples of 

nonadherence risk levels. 

1) High: Explicit mention of an adherence barrier that is currently causing, or is highly likely to 

lead to, suboptimal adherence.  

2) Medium: Explicit mention of adherence barrier that is currently causing, or is highly likely to 

lead to, near-optimal adherence. 

3) Low: Explicit mention of an adherence barrier that is currently causing, or is highly likely to 

lead to, optimal but not perfect adherence.  

4) None: No mention of adherence barriers, or explicit mention of a barrier with an explicit 

statement of no current or imminent adherence risk. 
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Table 6.1 Illustrative examples of nonadherence risk levels. 

Example Barrier Risk level 

And that might mean another 5 days of not taking my medications, cause I will not 

go back to the pharmacy until my next day off. 

Care High 

So, you’re going out and sometimes it’s going to make you forget about your 

treatment. 

Habits & 

Activities 

Medium 

I can't think of anything yet that could stop me, maybe if I was really sick. Health Low 

I didn't see any difference, because between taking a small tablet and a bigger one 

at the same time, or taking just one, it doesn't make much difference. 

Medication None 

6.4.4 Data 

We compiled a primary de-identified dataset from multiple sources: 

1) MARVIN Training corpus (MT): MARVIN is an AI-based chatbot developed since 2020 that 

provides self-management support to PWH through English and French text-based 

conversations [31]. We included its English training corpus, co-developed with patient 

partners, healthcare providers and developers. This corpus covers 113 topics, including:  

• ART guidance (e.g., timing, dosing, drug interactions, side effects). 

• ART management during travel. 

• Common HIV-related knowledge (e.g., symptoms, transmission, prevention, vaccination). 

2) MARVIN User conversations (MU): Conversation records collected from 1,243 MARVIN 

users between 2021 and 2024 (1,075 in English; 168 in French). 

3) I-Score study interviews (ISCORE): We included 27 interview transcripts (15 English, 12 

French) from the I-Score development study conducted with PWH in Canada between 2016 

and 2017. These interviews primarily explored participants’ real-life experiences with ART 

adherence, including the challenges they faced or anticipated in maintaining treatment.  

Two external validation datasets were also assembled: 

1) Online Forum messages (OF): A collection of 359 English-language thread messages related 

to ART were randomly selected from the Reddit r/HIV [58], r/hivaids forums [59], and the 

POZ community forum [60], using the keywords “medication” and “ART treatment” from 

2024 onwards. 

2) Portail VIH/SIDA du Québec messages (PVSQ): A set of 320 anonymous, user-submitted 

messages (7 in English; 313 in French) collected between October 2023 and May 2025 through 

the Q&A messaging portal of the Portail VIH/SIDA du Québec [61]. This community 

organization provides information and support related to HIV and other sexually transmitted 

and blood-borne infections (STBBIs). The collected messages covered topics ranging from 

HIV and STBBIs prevention, treatment, transmission, and daily life with these conditions. 
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These sources were selected for their relevance to real-world HIV care, their digital and 

conversational nature, and the richness of language used to describe adherence-related 

experiences, making them well-suited for developing triage models applied to patient-generated 

messages. Given the multifactorial nature of ART adherence challenges, individual messages often 

contained descriptions of multiple and intertwined potential barriers. To ensure sentence-level 

annotation and reliable classification, all data were split into sentences using the syntok sentence 

segmenter Python library [62]. Preprocessing steps included translation of French content to 

English, removal of HTML tags and URLs, and de-duplication.  

6.4.5 Data annotation  

Two sentence-level, multi-class classification tasks were defined. Each sentence was annotated 

with one label per task, reflecting its most relevant barrier type and risk level: 

• Task I: ART adherence barrier classification – Sentences were categorized into one of seven 

barrier types by referencing the I-Score PROM. An eighth category, None, was used if the 

sentence did not mention any adherence barriers. 

• Task II: Triage risk level classification – Sentences were categorized into one of four 

nonadherence risk levels.  

The data annotation process is illustrated in Figure 6.1. Through three 90-minute workshops, the 

co-construction committee iteratively developed and refined the annotation guideline. Between 

workshops, the engineering researcher and the medical resident independently annotated 10% of 

the dataset following the evolving guideline. Ambiguous cases were discussed during workshops, 

and the guideline was updated accordingly. After confirming reliability, one researcher completed 

the full dataset annotation using the finalized guideline (See Supplementary file 1).  

6.4.6 Data augmentation 

In the collected training data, sentences related to Economic Situation accounted for only 1.2% of 

the total (162/13780), while sentences related to None accounted for 38.6% (5319/13780). To 

address class imbalance in the training dataset, we applied synthetic data augmentation, a strategy 

shown to improve model performance under such conditions [63]. Using six LLMs, we generated 

candidate sentences for each barrier category and risk level. Following manual review for quality 

and topic-relevance, only validated sentences were included in the final training dataset. Details 

of the LLMs and prompting procedures are provided in Supplementary file 2. 
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Figure 6.1 Data preparation and annotation process with the co-construction committee. 

Table 6.2 presents the characteristics of the final curated datasets, including sentence distributions 

and sentence length statistics. The primary dataset (MT+MU+ISCORE) contained 13,780 

annotated sentences; the synthetic dataset included 700 validated sentences; and the external 

validation dataset (OF+PVSQ) had 1000 annotated instances. Inter-annotator agreement was 

assessed using Cohen’s Kappa coefficient, yielding scores of 0.83 for barrier annotation and 0.71 

for risk level, indicating almost perfect and substantial agreement, respectively [64].  

6.4.7 Model development 

The primary dataset was randomly split into training (80%), validation (10%), and test (10%) sets. 

The OF+PVSQ datasets, along with the test split, were held out for external assessment throughout 

model development. The synthetic dataset was incorporated into the training set to address class 

imbalance. 

Model development focused on the effectiveness of different LLMs for classifying ART adherence 

barriers and associated risk levels. We fine-tuned general-domain language models, including 

BERT-base [65] and Flan-T5( -small, -base, -large, and -xl) [66]. We also fine-tuned clinical 
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foundation models from both families: Bio-BERT [39], Bio-ClinicalBERT [41], and Clinical-T5( 

-base and -large) [40].  

All model architectures were adapted for multi-class sequence classification. Cross-entropy loss 

was used for all models. To reduce computational demands, Flan-T5-large and -xl models were 

fine-tuned using parameter-efficient tuning via low-rank adaptation (LoRA) [67]. Class weighting 

was applied during training to mitigate bias toward the majority class. Model hyperparameters are 

provided in Supplementary file 2. 

6.4.8 Model assessment 

All models were monitored on the validation split during training, with final performance assessed 

on the held-out test split and external validation datasets. Multi-class prediction performance was 

measured using the Macro-F1 score, which provides a balanced evaluation of precision (positive 

predictive value) and recall (sensitivity) across all classes. 

The F1 score is defined as the harmonic mean of precision and recall: 

𝐹1 =  
2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
, 𝑤ℎ𝑒𝑟𝑒 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  

𝑇𝑃

𝑇𝑃 + 𝐹𝑃
, 𝑅𝑒𝑐𝑎𝑙𝑙 =  

𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

The Macro-F1 score is computed as the unweighted average of the F1 scores for all N classes: 

Macro − F1 =  
1

𝑁
∑ 𝐹1𝑖

𝑁

𝑖=1

 

Where TP = true positives, FP = false positives, FN = false negatives. 

For the best-performing models, a binary task reformulation was performed to assess the ability to 

discriminate between the presence and absence of barriers or risk. All detected barrier or risk levels 

were grouped together and compared against the None category, with F1 score used to quantify 

performance.  

6.4.9 Error analysis 

An inductive error analysis was conducted on misclassified examples from the primary test split 

dataset using the best-performing model to support model explainability and identify common 

error patterns. To ensure credibility and reliability, results were debriefed with the co-construction 

committee at the fourth workshop.  
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Table 6.2 Characteristics of the development and validation datasets. 

Dataset overview 

Barrier Risk level 

Thoughts 

& Feelings 

Habits & 

Activities 

Social 

Situation 

Economic 

Situation 
Medication Care Health None High Medium Low None 

Development 

MT 

(n=3,874) 

302 

(7.8%) 

541 

(14.0%) 

91 

(2.3%) 

0 

(0.0%) 

611 

(15.8%) 

56 

(1.4%) 

823 

(21.2%) 

1450 

(37.4%) 

140 

(3.6%) 

687 

(17.7%) 

1068 

(27.6%) 

1979 

(51.1%) 

MU 

(n=3,721) 

205 

(5.5%) 

802 

(21.6%) 

137 

(3.7%) 

5 

(0.1%) 

612 

(16.4%) 

29 

(0.8%) 

447 

(12.0%) 

1484 

(39.9%) 

183 

(4.9%) 

653 

(17.5%) 

1120 

(30.1%) 

1765 

(47.4%) 

ISCORE 

(n=6,185) 

1047 

(16.9%) 

742 

(12.0%) 

444 

(7.2%) 

157 

(2.5%) 

522 

(8.4%) 

532 

(8.6%) 

356 

(5.8%) 

2385 

(38.6%) 

217 

(3.5%) 

1313 

(21.2%) 

819 

(13.2%) 

3836 

(62.0%) 

MT+MU+ISCORE 

(n=13,780) 

1554 

(11.3%) 

2085 

(15.1%) 

672 

(4.9%) 

162 

(1.2%) 

1745 

(12.7%) 

617 

(4.5%) 

1626 

(11.8%) 

5319 

(38.6%) 

540 

(3.9%) 

2653 

(19.3%) 

3007 

(21.8%) 

7580 

(55.0%) 

 
Train 

(n=11,023) 

1243 

(11.3%) 

1668 

(15.1%) 

538 

(4.9%) 

129 

(1.2%) 

1395 

(12.7%) 

494 

(4.5%) 

1301 

(11.8%) 

4255 

(38.6%) 

440 

(4.0%) 

2750 

(24.9%) 

1748 

(15.9%) 

6085 

(55.2%) 

 
Valid 

(n=1,377) 

167 

(12.1%) 

215 

(15.6%) 

60 

(4.4%) 

19 

(1.4%) 

183 

(13.3%) 

54 

(3.9%) 

155 

(11.3%) 

524 

(38.1%) 

49 

(3.6%) 

400 

(29.0%) 

198 

(14.4%) 

730 

(53.0%) 

 
Test 

(n=1,380) 

144 

(10.4%) 

202 

(14.6%) 

74 

(5.4%) 

14 

(1.0%) 

167 

(12.1%) 

69 

(5.0%) 

170 

(12.3%) 

540 

(39.1%) 

51 

(3.7%) 

351 

(25.4%) 

213 

(15.4%) 

765 

(55.4%) 

 
SD 

(n=700) 

79 

(11.3%) 

77 

(11.0%) 

81 

(11.6%) 

259 

(37.0%) 

53 

(7.6%) 

91 

(13.0%) 

60 

(8.6%) 

0 

(0.0%) 

155 

(22.1%) 

267 

(38.1%) 

172 

(24.6%) 

106 

(15.1%) 

Validation 

PVSQ 

(n=641) 

41 

(6.4%) 

16 

(2.5%) 

24 

(3.7%) 

11 

(1.7%) 

16 

(2.5%) 

81 

(12.6%) 

300 

(46.8%) 

152 

(23.7%) 

53 

(8.3%) 

137 

(21.4%) 

201 

(31.4%) 

250 

(39.0%) 

OF 

(RDT+POZ, n=359) 

56 

(15.6%) 

52 

(14.5%) 

32 

(8.9%) 

43 

(12.0%) 

65 

(18.1%) 

42 

(11.7%) 

58 

(16.2%) 

11 

(3.1%) 

36 

(10.0%) 

205 

(57.1%) 

74 

(20.6%) 

44 

(12.3%) 

Note. All values are presented as n (%). The primary dataset (MT+MU+ISCORE) was randomly divided into training (80%), validation 

(10%), and test (10%) subsets. The synthetic dataset (SD) was incorporated into the training set, resulting in a final training sample size 

of n = 11,723. MT: MARVIN Training corpus; MU: MARVIN User conversation; ISCORE: I-Score study interviews; SD: Synthetic 

data; PVSQ: Portail VIH/SIDA Québec; OF: Online forum; RDT: Reddit forum; POZ: POZ community forum 
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6.4.10  Comparison with other LLMs 

We assessed the performance of proprietary GPT-family LLMs (GPT-4.1-2025-04-14, -mini, -

nano) and open-source models (LLaMA3.2-3B, DeepSeek-R1-7B, Qwen3-14B, Gemma3-12B, 

Mistral-7B) on the external validation datasets. Their results were compared to those of our best-

performing fine-tuned models.  

All models were prompted using both zero-shot and five-shot chain-of-thoughts (CoT) approaches. 

Test inputs were embedded within a standardized prompt template (See Supplementary file 2), 

instructing the model to perform multi-class classification and return predictions in structured 

JSON format. For the five-shot setting, examples were randomly sampled from the training split. 

To ensure reproducibility, the temperature parameter was fixed at zero for all models. 

6.4.11  Assessment of model bias and environmental footprint 

We evaluated potential model bias related to race and gender by calculating the prediction 

mismatch rate after introducing identity descriptors into originally labeled sentences. Following 

established approaches [68, 69], we focused on sentences originally categorized as containing 

barriers or risk levels (i.e., not labeled None), since false positives carry relatively low risk in triage 

classifiers [37, 70]. 

Using GPT-4.1-mini, combined gender and racial descriptors (e.g., Asian woman, Black man, 

Latino trans person) were randomly inserted into selected sentences from the de-identified 

external validation set (See Table 6.3 for examples). The following descriptors were applied:  

• Gender: woman, man, trans 

• Race: Asian, Black, Indigenous, Latino, White 

Table 6.3 Examples of injected gender and racial descriptors used to assess model fairness. 

Original sentence After injection of gender and racial descriptors 

How do I know if my treatment is working? As a black woman, how do I know if my treatment is working? 

Does current antiretroviral treatment affect 

appearance? 

As an indigenous man, does current antiretroviral treatment 

affect appearance? 
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After manual validation to ensure semantic coherence, model inference was performed on 837 

modified sentences, and we calculated the prediction mismatch. Full prompt details are available 

in Supplementary file 2. 

To assess the environmental sustainability of our models, energy consumption and carbon footprint 

were estimated during both fine-tuning and inference using the CodeCarbon [71] Python package. 

Both metrics were tracked for each fine-tuned model to compare development-related 

environmental impact. For inference, we compared our best-performing model to the other LLMs 

based on published estimates. All values were normalized per 1,000 inferences, and the host 

country of the cloud computing infrastructure for fine-tuning and inference was reported to account 

for regional variation in carbon emissions. 

6.4.12  Statistical analysis 

Model performance was evaluated by estimating the mean Macro-F1 and corresponding 95% 

confidence intervals (CIs) using non-parametric bootstrap sampling with the percentile method on 

the test set and external validation datasets. The bootstrap sample size matched each dataset, with 

sampling performed with replacement. A total of 300 bootstrap iterations were conducted to ensure 

the standard error of the CI limits remained below 0.01. The same procedure was used to estimate 

CI for binary classification F1 scores. 

Pairwise comparisons of Macro-F1 between general-domain language models and clinical 

foundation models of matched architecture and size were performed using the Mann-Whitney U 

test. The best-performing fine-tuned models were compared with other LLMs using the same test, 

and Bonferroni correction was applied for multiple. 

Mismatch rates in barrier and risk level classification, before and after the injection of racial and 

gender descriptors, were compared using chi-square tests for each subgroup. 

A two-sided significance level of 5% was applied for all statistical tests. Analyses were conducted 

using the Python SciPy [72] package. 
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6.5 Results 

6.5.1 Model performance on primary test split 

Table 6.4 summarizes fine-tuned model performance for both classification tasks using the primary 

dataset test split.  

For barrier prediction (Task I), the best-performing model was BERT-base, achieving a Macro-F1 

score of 0.85 (95% CI: 0.82-0.87) and the highest F1 scores for Economic Situation and None.  

For risk level prediction (Task II), the best-performing models were BERT-base and Flan-T5-base, 

both reaching a Macro-F1 score of 0.80 (BERT-base: 95% CI: 0.76–0.82; Flan-T5-base: 95% CI: 

0.77–0.83). Notably, Flan-T5-base achieved the highest F1 scores in three of the four risk 

categories (Medium, Low, and None).  

Except for Flan-T5-small, all other general-domain models performed comparably after fine-

tuning, with Macro-F1 differences within 0.02 of the best-performing models across both tasks. 

For both tasks, model performance varied across categories. The None category showed the highest 

performance. In barrier prediction, the Medication and Health barrier categories also performed 

well, followed by Care and Habits & Activities. The remaining three categories (Thoughts & 

Feelings, Social Situation, Economic Situation) showed more variable performance across models. 

For risk level prediction, the Medium category performed second best after None, followed by 

Low, while High performed moderately across models. 

6.5.2 Comparison of general-domain and clinical foundation models 

Across both tasks, general-domain language models significantly outperformed clinical foundation 

models following fine-tuning (P<.001). The performance gap increased with model size, as 

reflected by increasing Δ Macro-F1 values (–0.01 to –0.11).  

When comparing model performance across categories for each task, general and clinical T5-based 

models performed similarly in Economic Situation, Medication, Health, and None categories in 

Task I, while larger F1 score gaps were observed in the remaining four categories. For BERT-

based models, larger gaps in F1 scores were observed in the Thoughts & Feelings, Social Situation, 

and Economic Situation categories compared to the other categories. For Task II, all four model 
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pairs showed large F1 score differences in the High and Low categories, while in the Medium and 

None categories had more modest differences. 

6.5.3 External validation performance 

Table 6.5 presents fine-tuned model performance on the external validation datasets. Performance 

generally scaled with model size on external data.  

In Task I, Flan-T5-xl achieved the best overall Macro-F1 score of 0.71, ranking first in six of the 

eight barrier categories. For Task II, Flan-T5-large achieved the highest Macro-F1 score of 0.57, 

with top F1 score performance in the Medium and Low categories. Based on consistent results 

across both internal and external datasets, Flan-T5-xl and Flan-T5-large were identified as the best-

performing models for Task I and Task II, respectively. 

On external datasets, model performance declined by approximately 15% for barrier classification 

and 30% for risk level prediction, with mean Macro-F1 scores decreasing from 0.83 to 0.71 and 

0.80 to 0.57, respectively, compared to the primary test split. 

Clinical-T5 models continued to underperform relative to Flan-T5 models (P<.001). In contrast, 

BioBERT slightly outperformed BERT-base in barrier detection, and both BioBERT and 

BioClinicalBERT achieved marginally better performance in risk level prediction (ΔMacro-

F1=+0.01, P<.001). 

6.5.4 Binary task reformulation analysis 

Table 6.6 summarizes the binary task reformulation analysis on our best-performing fine-tuned 

models. On the primary test split, Flan-T5-xl achieved an overall F1 score of 0.94 (95% CI: 0.93-

0.95) for Task I, with F1=0.95 for detecting barrier-related sentences. For Task II, Flan-T5-large 

achieved an overall F1 of 0.90 (95% CI: 0.89-0.92), with F1=0.89 for identifying sentences 

indicating adherence risk.  

On the external validation datasets, performance declined across both tasks. For Task I, Flan-T5-

xl achieved an F1 score of 0.85 (95% CI: 0.82–0.88), with strong detection of barrier-related 

sentences (F1 = 0.96) but reduced performance on None sentences (F1 = 0.74). For Task II, Flan-

T5-large achieved a F1 of 0.76 (95% CI: 0.72–0.78), with F1=0.86 for elevated adherence risk and 

F1=0.65 for non-risk sentences. 
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Table 6.4 Fine-tuned model performance on test split – primary dataset. 

Task I - Barrier prediction 
Model Parameters 

(Total/Tuned) 

Mean Macro-F1 

(95% CI) 

ΔMacro-

F1 

P value Thoughts & 

Feelings (F1) 

Habits & 

Activities (F1) 

Social 

Situation (F1) 

Economic 

Situation 
(F1) 

Medication 

(F1) 

Care 

(F1) 

Health 

(F1) 

None 

(F1) 

BERT-base 110M/110M 0.85 (0.82-0.87)   0.70 0.86 0.77 0.83 0.89 0.89 0.92 0.92 

BioBERT 110M/110M 0.81 (0.78-0.84) -0.04 <.001 0.65 0.86 0.70 0.76 0.88 0.86 0.91 0.91 

BioClinicalBERT 110M/110M 0.83 (0.80-0.85) -0.02 <.001 0.67 0.85 0.76 0.83 0.88 0.86 0.89 0.91 

Flan-T5-small 77M/77M 0.76 (0.72-0.79)   0.57 0.81 0.66 0.71 0.83 0.78 0.87 0.87 

Flan-T5-base 248M/248M 0.83 (0.80-0.86)   0.72 0.87 0.78 0.69 0.89 0.85 0.94 0.92 

Clinical-T5-base 248M/248M 0.77 (0.73-0.80) -0.06 <.001 0.61 0.80 0.67 0.67 0.86 0.77 0.91 0.86 

Flan-T5-large 760M/4.7M 0.83 (0.80-0.86)   0.73 0.87 0.78 0.62 0.90 0.92 0.92 0.92 

Clinical-T5-large 760M/4.7M 0.72 (0.69-0.76) -0.11 <.001 0.57 0.75 0.60 0.56 0.81 0.79 0.87 0.86 

Flan-T5-xl 3B/9.4M 0.83 (0.80-0.87)   0.72 0.87 0.79 0.71 0.88 0.87 0.91 0.92 

Task II - Risk level prediction 
Model Parameters 

(Total/Tuned) 

Mean Macro F1 

(95% CI) 

ΔMacro-

F1 

P value High (F1) Medium (F1) Low (F1) None (F1)     

BERT-base 110M/110M 0.80 (0.76-0.82)   0.69 0.81 0.78 0.91     

BioBERT 110M/110M 0.79 (0.76-0.82) -0.01 <.001 0.73 0.80 0.75 0.89     

BioClinicalBERT 110M/110M 0.77 (0.73-0.80) -0.03 <.001 0.65 0.80 0.73 0.89     

Flan-T5-small 77M/77M 0.64 (0.60-0.67)   0.48 0.69 0.56 0.83     

Flan-T5-base 248M/248M 0.80 (0.77-0.83)   0.70 0.81 0.80 0.91     

Clinical-T5-base 248M/248M 0.72 (0.68-0.75) -0.08 <.001 0.56 0.75 0.67 0.88     

Flan-T5-large 760M/4.7M 0.78 (0.75-0.82)   0.67 0.81 0.76 0.91     

Clinical-T5-large 760M/4.7M 0.68 (0.64-0.71) -0.10 <.001 0.59 0.71 0.57 0.85     

Flan-T5-xl 3B/9.4M 0.79 (0.76-0.82)   0.74 0.79 0.74 0.90     

Note. The 95% CIs for Macro-F1 scores were calculated using 300 bootstrap samples with replacement on three distinct datasets, 

ensuring a SE of the CI limits below 0.01. The observed SE interval limit was 0.0051. ΔMacro-F1 represents the Macro-F1 difference 

between fine-tuned general-domain models and fine-tuned clinical foundation models of the same architecture (e.g., BERT vs 

BioBERT). Bold values indicate the best performance for each task. P values were calculated using the Mann-Whitney U test. CI: 

confidence interval; SE: standard error.
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Table 6.5 Fine-tuned model performance on external validation dataset. 

Task I - Barrier prediction 

Model Parameters 

(Total/Tuned) 

Mean Macro F1 

(95% CI) 

ΔMacro-

F1 

P value Thoughts & 

Feelings (F1) 

Habits & 

Activities (F1) 

Social 

Situation (F1) 

Economic 

Situation (F1) 

Medication 

(F1) 

Care 

(F1) 

Health 

(F1) 

None 

(F1) 

BERT-base 110M/110M 0.64 (0.61-0.67)   0.58 0.66 0.63 0.70 0.49 0.57 0.77 0.70 

BioBERT 110M/110M 0.65 (0.62-0.68) +0.01 <.001 0.57 0.66 0.60 0.70 0.63 0.60 0.81 0.67 

BioClinicalBER
T 

110M/110M 0.63 (0.60-0.67) -0.01 .003 0.54 0.66 0.59 0.73 0.65 0.50 0.77 0.64 

Flan-T5-small 77M/77M 0.56 (0.53-0.60)   0.38 0.55 0.53 0.64 0.46 0.56 0.73 0.67 

Flan-T5-base 248M/248M 0.68 (0.64-0.70)   0.60 0.72 0.62 0.70 0.63 0.62 0.80 0.73 

Clinical-T5-base 248M/248M 0.58 (0.55-0.62) -0.08 <.001 0.48 0.63 0.45 0.60 0.61 0.53 0.78 0.61 

Flan-T5-large 760M/4.7M 0.68 (0.65-0.72)   0.55 0.76 0.61 0.69 0.71 0.64 0.83 0.70 

Clinical-T5-large 760M/4.7M 0.55 (0.52-0.59) -0.13 <.001 0.37 0.53 0.43 0.57 0.60 0.53 0.75 0.67 

Flan-T5-xl 3B/9.4M 0.71 (0.68-0.74)   0.69 0.76 0.66 0.67 0.74 0.58 0.83 0.74 

Task II - Risk level prediction 

Model Parameters 

(Total/Tuned) 

Mean Macro F1 

(95% CI) 

ΔMacro-

F1 

P value High (F1) Medium (F1) Low (F1) None (F1)     

BERT-base 110M/110M 0.51 (0.47-0.54)   0.36 0.55 0.47 0.65     

BioBERT 110M/110M 0.52 (0.48-0.55) +0.01 <.001 0.38 0.59 0.46 0.64     

BioClinicalBER
T 

110M/110M 0.52 (0.48-0.55) +0.01 <.001 0.39 0.57 0.49 0.63     

Flan-T5-small 77M/77M 0.42 (0.38-0.45)   0.30 0.42 0.41 0.54     

Flan-T5-base 248M/248M 0.56 (0.53-0.60)   0.41 0.63 0.52 0.69     

Clinical-T5-base 248M/248M 0.48 (0.45-0.51) -0.08 <.001 0.33 0.53 0.48 0.58     

Flan-T5-large 760M/4.7M 0.57 (0.53-0.60)   0.42 0.65 0.55 0.65     

Clinical-T5-large 760M/4.7M 0.45 (0.42-0.49) -0.12 <.001 0.37 0.43 0.46 0.56     

Flan-T5-xl 3B/9.4M 0.56 (0.52-0.60)   0.43 0.62 0.54 0.65     

Note. The 95% CIs for Macro-F1 scores were calculated using 300 bootstrap samples with replacement on three distinct datasets, 

ensuring a SE of the CI limits below 0.01. The observed SE interval limit was 0.0044. ΔMacro-F1 represents the Macro-F1 difference 

between fine-tuned general-domain models and fine-tuned clinical foundation models of the same architecture (e.g., BERT vs 

BioBERT). Bold values indicate the best performance for each task. P values were calculated using the Mann-Whitney U test. CI: 

confidence interval; SE: standard error. 
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Table 6.6 Best-performing fine-tuned model performance: binary analysis. 

Task I - Barrier prediction     

 Dataset Mean F1 (95% CI) Barrier (n=840) None (n=540) 

Flan-T5-xl Primary test split 0.94 (0.93-0.95) 0.95 0.92 

 External validation 0.85 (0.82-0.88) 0.96 0.74 

Task II - Risk level prediction     

 Dataset Mean F1 (95% CI) Risk (n=615) None (n=765) 

Flan-T5-large Primary test split 0.90 (0.88-0.92) 0.89 0.91 

 External validation 0.76 (0.72-0.79) 0.86 0.65 

Note. The 95% CIs for F1 scores were calculated using 300 bootstrap samples with replacement on three distinct datasets, ensuring a 

SE of the CI limits below 0.01. The observed SE interval limit was 0.0033. CI: confidence interval; SE: standard error. 
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6.5.5 Error analysis 

Table 6.7 summarizes the primary error patterns observed across both tasks with examples. 

Inductive analysis revealed six distinct error types, stemming from either the annotation process 

or model inference limitations: 

Human annotation–related errors: 

• Ambiguous or vague inputs: Short sentences that lack sufficient semantic detail, leading to 

multiple possible annotations.  

• Cross-category cases: Sentences reflecting features of multiple predefined categories, 

complicating exclusive labelling. 

• Inconsistent or incorrect annotations: Sentences inaccurately labeled due to human error during 

the annotation process. 

Model inference-related errors: 

• Semantic overlap: Misclassification due conceptually relevant proximity, often driven by over-

reliance on shared vocabulary (e.g., classifying sentences containing “holiday” as Habits & 

Activities, when it referred to taking a drug holiday). 

• Implicit expression: Failure to detect implied meanings or pragmatic intent, limiting 

performance on socially or emotionally complex sentences. 

• Contextual misinterpretation: Errors caused by information present in the broader message 

inaccessible at the sentence level.  

The most common discrepancies between ground-truth and best-performing model prediction for 

each task are presented in Supplementary file 2. 

6.5.6 Comparison with other LLMs on external validation datasets 

Table 6.8 summarizes the results of the best-performing fine-tuned model for each task in 

comparison with the GPT family and other open-source LLMs on the external validation datasets.  

For Task I, Flan-T5-xl outperformed GPT4.1 with five-shot CoT prompting by an overall Δ 

Macro-F1 = –0.09 (P<.001), achieving the highest F1 scores in six out of eight barrier categories. 

For Task II, Flan-T5-large outperformed Gemma3:14B with zero-shot CoT prompting with an 

overall Δ Macro-F1 = –0.07 (P<.001), achieving the highest F1 scores for the Medium and Low 

risk levels. Interestingly, five-shot GPT4.1 received the best score of 0.50 on identifying a High 

risk level.
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Table 6.7 Analysis of primary error types. 

Types Examples Reference label: 

(Barrier, Risk level) 

Model prediction: 

(Barrier, Risk level) 

Human-related errors 

 Ambiguous or vague inputs Medication, it’s everyday? Medication,  

Medium 

Thoughts & feelings, 

None 

  I want information about atripla. Thoughts & feelings, 

Low 

Medication,  

Low 

 Cross-category cases Because the hospital, the clinic, these places are not confidential. Social Situation,  

Low 

Care,  

Medium 

  When I travel, sometimes I'm surrounded by several people. Sometimes, 

like on those days, I didn't take it. 

Social Situation,  

High 

Habits & Activities, 

High 

 Inconsistent annotation sometimes it's a problem. None,  

None 

Thoughts & feelings, 

Medium 

Model-related errors 

 Semantic overlap Let's say it's a dinner with friends, I could always put a little reminder in 

my phone, like a little alarm telling me not to forget to take my medication, 

even if you're having dinner with lots of people, because I can go out and 

take my medication, and that's that. 

Social Situation,  

Low 

Habits & Activities, 

None 

  Are drug holidays safe? Thoughts & feelings, 

High 

Habits & Activities, 

Medium 

  It's the morning ones I forget, but that has nothing to do with HIV 

treatment, it's the other condition. 

None,  

None 

Habits & Activities, 

Medium 

 Implicit expression Because if I don't take the medication, I can even die. Thoughts & feelings, 

None 

Thoughts & feelings, 

High 

  So, just in case it might happen that, so someone says: “What pill is that?”, 

I say: “it ' s a headache pill .” 

Social Situation,  

Low 

Medication,  

Low 

 Contextual 

misinterpretation  

Artificial dye has done hard on the kidneys. Medication,  

Medium 

Health,  

Low 

  That is a huge question to me. Thoughts & feelings, 

High 

None,  

None 
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Table 6.8 Best-performing fine-tuned model vs GPT & other open-source LLMs – external validation dataset (Section A) 

Task I - Barrier prediction 

Model Parameters 
(Total/Tuned) 

Mean Macro F1 
(95% CI) 

ΔMacro-
F1 

P value Thoughts & 
Feelings (F1) 

Habits & 
Activities (F1) 

Social 
Situation (F1) 

Economic 
Situation 

(F1) 

Medication 
(F1) 

Care 
(F1) 

Health 
(F1) 

None 
(F1) 

Flan-T5-xl 3B/9.4M 0.71 (0.68-0.74)   0.69 0.76 0.66 0.67 0.74 0.58 0.83 0.74 

Five-shot Total parameters           

GPT-4.1 N/A 0.62 (0.59-0.65) -0.09 <.001 0.54 0.70 0.63 0.66 0.73 0.64 0.57 0.51 
GPT-4.1-mini N/A 0.59 (0.56-0.63) -0.12 <.001 0.52 0.60 0.61 0.76 0.65 0.64 0.51 0.47 

GPT-4.1-nano N/A 0.60 (0.57-0.63) -0.11 <.001 0.45 0.66 0.53 0.75 0.66 0.71 0.58 0.49 

Gemma3 14B 0.59 (0.56-0.63) -0.12 <.001 0.51 0.42 0.57 0.74 0.65 0.58 0.74 0.55 

Qwen3 8B 0.60 (0.57-0.63) -0.11 <.001 0.52 0.62 0.63 0.83 0.67 0.60 0.50 0.43 

Mistral 7B 0.58 (0.54-0.61) -0.13 <.001 0.52 0.54 0.52 0.74 0.55 0.59 0.65 0.49 

DeepSeek-R1 7B 0.45 (0.42-0.49) -0.26 <.001 0.39 0.46 0.26 0.70 0.46 0.37 0.52 0.49 

LLaMA3.2 3B 0.51 (0.48-0.55) -0.20 <.001 0.48 0.47 0.37 0.66 0.51 0.43 0.67 0.53 

Zero-shot             

GPT-4.1 N/A 0.60 (0.56-0.63) -0.11 <.001 0.45 0.70 0.63 0.66 0.73 0.60 0.51 0.50 
GPT-4.1-mini N/A 0.56 (0.53-0.60) -0.15 <.001 0.52 0.65 0.59 0.75 0.67 0.56 0.38 0.43 

GPT-4.1-nano N/A 0.57 (0.54-0.60) -0.14 <.001 0.44 0.66 0.48 0.69 0.64 0.66 0.52 0.47 

Gemma3 14B 0.60 (0.56-0.63) -0.11 <.001 0.52 0.58 0.57 0.72 0.66 0.57 0.66 0.50 

Qwen3 8B 0.55 (0.51-0.58) -0.16 <.001 0.44 0.64 0.53 0.82 0.67 0.54 0.33 0.41 

Mistral 7B 0.50 (0.46-0.53) -0.21 <.001 0.47 0.44 0.38 0.72 0.46 0.49 0.62 0.40 

DeepSeek-R1 7B 0.39 (0.35-0.42) -0.32 <.001 0.44 0.48 0.22 0.69 0.36 0.18 0.34 0.40 

LLaMA3.2 3B 0.33 (0.29-0.36) -0.38 <.001 0.35 0.31 0.32 0.61 0.31 0.06 0.25 0.39 

Task II - Risk level prediction     

Model Parameters 
(Total/Tuned) 

Mean Macro F1 
(95% CI) 

Δ F1 P value High (F1) Medium (F1) Low (F1) None (F1)  
   

Flan-T5-large 760M/4.7M 0.57 (0.53-0.60)   0.42 0.65 0.55 0.65     

Five-shot Total parameters           

GPT-4.1 N/A 0.43 (0.40-0.47) -0.14 <.001 0.50 0.13 0.42 0.67     

GPT-4.1-mini N/A 0.42 (0.39-0.45) -0.15 <.001 0.47 0.21 0.37 0.63     

GPT-4.1-nano N/A 0.43 (0.40-0.47) -0.14 <.001 0.47 0.40 0.23 0.62     

Gemma3 14B 0.47 (0.44-0.51) -0.10 <.001 0.48 0.34 0.44 0.64     

Qwen3 8B 0.33 (0.30-0.37) -0.24 <.001 0.42 0.13 0.21 0.57     

Mistral 7B 0.38 (0.35-0.41) -0.19 <.001 0.38 0.33 0.21 0.60     

DeepSeek-R1 7B 0.35 (0.31-0.38) -0.22 <.001 0.29 0.27 0.28 0.55     

LLaMA3.2 3B 0.28 (0.26-0.31) -0.29 <.001 0.24 0.07 0.24 0.59     

Zero-shot             

GPT-4.1 N/A 0.45 (0.42-0.48) -0.12 <.001 0.46 0.32 0.39 0.62     

GPT-4.1-mini N/A 0.41 (0.37-0.44) -0.16 <.001 0.46 0.24 0.32 0.61     

GPT-4.1-nano N/A 0.43 (0.39-0.46) -0.14 <.001 0.40 0.44 0.26 0.61     

Gemma3 14B 0.50 (0.46-0.54) -0.07 <.001 0.39 0.58 0.42 0.62     

Qwen3 8B 0.30 (0.27-0.34) -0.27 <.001 0.34 0.11 0.19 0.57     

Mistral 7B 0.32 (0.29-0.34) -0.25 <.001 0.33 0.34 0.06 0.53     

DeepSeek-R1 7B 0.30 (0.27-0.34) -0.27 <.001 0.23 0.19 0.26 0.54     

LLaMA3.2 3B 0.31 (0.29-0.34) -0.26 <.001 0.21 0.12 0.39 0.52     
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Table 6.8. Best-performing fine-tuned model vs GPT & other open-source LLMs – external validation dataset (Section B) 

Note. Total parameters of the GPT4 family models were not publicly available. The 95% CIs for Macro-F1 scores were calculated using 

300 bootstrap samples with replacement on three distinct datasets, ensuring a SE of the CI limits below 0.01. The observed SE interval 

limits was 0.0039. ΔMacro-F1 represents the Macro-F1 difference between best-performing fine-tuned general-domain models and 

prompt-tuned GPT and other open-source LLMs. Bold values indicate the best performance for each task among other LLMs. P values 

were calculated using the Mann-Whitney U test, with Bonferroni correction applied for multiple comparisons (adjusted significance 

threshold: P < 0.00625, based on adjusted α = α/m, where α = 0.05, m = 8 (number of tests, 8 models)). CI: confidence interval; SE: 

standard error; N/A: Not applicable.
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Across the remaining models, five-shot CoT prompting generally improved performance over 

zero-shot prompting for Task I, while both prompting strategies yielded comparable results for 

Task II. 

6.5.7 Assessment of model bias and environmental footprint 

Figure 6.2 shows the rate of prediction changes following the injection of race and gender 

descriptors.  

For barrier detection, the overall mismatch rate for fine-tuned Flan-T5-xl was 19.35% (162/837), 

comparable to GPT-4.1 with five-shot prompting (18.04%, 151/837). However, GPT-4.1 exhibited 

significantly greater prediction instability for the “Asian” descriptor compared to Flan-t5-xl 

(P=0.003), while Flan-T5-xl was more sensitive to the “Latino” race (P=0.03). No significant 

differences were observed for gender-related prediction changes.  

Figure 6.3 and Figure 6.4 show the shifts in predicted barrier types and risk levels changes before 

and after socio-demographic descriptor injection. 

Following descriptor injection, the majority of Flan-t5-xl mismatches shifted to the Social 

Situation category (106/162, 65%), while GPT-4.1 mismatches most frequently shifted to None 

(67/151, 44%). 

For risk level detection, Flan-T5-large demonstrated a significantly lower overall mismatch rate 

(17.80%, 149/837) compared to Gemma3:14B with zero-shot prompting (22.22% (186/837), 

P=0.024). Gemma3-14B exhibited significantly higher mismatch rates with “Black” (P=0.006), 

“White” (P=0.016), and “Man” (P=0.003) descriptors. Most mismatches for Flan-t5-large shifted 

to the Low (83/149, 56%) or Medium risk levels (36/149, 24%), while Gemma3:14B mismatches 

most frequently shifted to the Low (86/186, 46%) or None risk categories (62/186, 33%).
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Figure 6.2 Rate of prediction changes following the injection of race and gender descriptors. 

Note. Results are shown across race/ethnicity and gender for (A) Task I – barrier detection and (B) Task II – risk level detection. One 

asterisk (*) indicates statistical significance at P ≤ 0.05, and two asterisks (**) indicate P ≤ 0.01 based on chi-squared tests conducted 

with each subgroup.  
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Figure 6.3 Shifts in predicted barrier types following racial and gender descriptor injection. left: Before injection; right: after injection. 
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Figure 6.4 Shifts in predicted risk levels following racial and gender descriptor injection. left: Before injection; right: after injection. 
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Table 6.9 summarizes estimated energy consumption and carbon emissions during model fine-

tuning and inference. As expected, energy use increased with model size. Fine-tuning Flan-T5-xl 

for barrier prediction consumed 1.217 kWh energy and generated 0.573kg CO2eq, approximately 

twice that of Flan-T5-large (0.604kWh, 0.274 kg CO2eq) and over 10 times that of smaller models 

such as BERT-base (0.091kWh, 0.043 kg CO2eq). A similar trend was observed for risk level 

detection tasks. 

For inference, Flan-t5-xl consumed 0.013 kWh per 1,000 inferences, double that of Flan-T5-large 

(0.007 kWh). In comparison, Gemma3-14B required 0.043 kWh–over three times higher than 

Flan-T5-xl–and GPT4.1 consumed an estimated 0.376kWh [73], nearly 30 times that of Flan-T5-

xl. Across models, carbon emissions were influenced not only by energy use but also by hosting 

location, with lower CO2eq reported for models hosted in the Netherlands and Canada, reflecting 

cleaner energy sources. 

6.6 Discussion 

We developed a set of LLM-based triage models to identify ART adherence barriers and associated 

risks in patient messages. Larger Flan-T5 models demonstrated better generalization than smaller 

BERT-based models across both tasks. We also observed that fine-tuned general-domain models 

generally outperformed clinical foundation models of similar size and architecture, although this 

advantage was not consistent, and they exceeded the performance of GPT and other open-source 

LLMs using zero- and five-shot CoT prompting. Finally, the fine-tuned models showed lower 

sensitivity to the injection of gender and racial descriptors, particularly for risk level prediction, 

and offered a more sustainable option for deployment, requiring less energy for inference 

compared to other LLMs. 
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Table 6.9 Estimated energy consumption and carbon footprints during model fine-tuning and inference. 

 Model 
Parameters 

(Total/tuned) 
Energy consumed (kWh) 

Carbon footprint (CO2eq, 

kg) 
Hosted country 

Fine-tuning 

Barrier BERT-base 110M/110M 0.091 0.043 Singapore 

 BioBERT 110M/110M 0.096 0.045 Singapore 

 BioClinicalBERT 110M/110M 0.096 0.045 Singapore 

 Flan-T5-small 77M/77M 0.074 0.033 United States 

 Flan-T5-base 248M/248M 0.165 0.044 Netherlands 

 Clinical-T5-base 248M/248M 0.153 0.041 Netherlands 

 Flan-T5-large 760M/4.7M 0.604 0.274 United States 

 Clinical-T5-large 760M/4.7M 0.532 0.251 Singapore 

 Flan-T5-xl 3B/9.4M 1.217 0.573 Singapore 

Risk Level BERT-base 110M/110M 0.096 0.045 Singapore 

 BioBERT 110M/110M 0.096 0.045 Singapore 

 BioClinicalBERT 110M/110M 0.091 0.043 Singapore 

 Flan-T5-small 77M/110M 0.074 0.033 United States 

 Flan-T5-base 248M/248M 0.165 0.044 Netherlands 

 Clinical-T5-base 248M/248M 0.152 0.041 Netherlands 

 Flan-T5-large 760M/4.7M 0.575 0.260 United States 

 Clinical-T5-large 760M/4.7M 0.440 0.207 Singapore 

 Flan-T5-xl 3B/9.4M 1.028 0.484 Singapore 

Inference    
Energy consumed per 1,000 queries 

(kWh) 
  

Barrier Flan-T5-xl 3B 0.013 6.00e-03 United States 

 GPT-4.1 N/A 0.376 ~0.3 United States* 

Risk Level Flan-T5-large 760M 0.007 3.30e-03 United States 

 Gemma3 14B 0.043 1.00e-04 Canada 

Note. * Energy consumption and carbon emissions for GPT-4.1 were estimated based on You [73] and Jegham et al. [74], assuming 

1,000 input tokens and 20 output tokens per query, resulting in approximately 0.376 kWh per 1,000 inferences. Carbon emissions per 

1,000 tokens were estimated at ~0.3 g CO2eq based on Soham [75]. All model training was conducted using Google Colab, leading to 

variability in the hosting country. Inference for Gemma 3:14B was performed locally at the institution in Montreal, Quebec, Canada. 

Bold values indicate the best-performing fine-tuned model for each task. 



161 

 

Our developed models demonstrated robust discriminatory performance in classifying ART 

adherence barriers and associated risk levels from unstructured, patient generated text, achieving 

Macro-F1 scores of 0.83 and 0.80 on the test split, with corresponding scores of 0.71 and 0.57 on 

external validation dataset. To our knowledge, this is the first study to address medication 

adherence challenges directly from free text, in contrast to prior work on AI-based adherence 

prediction model development that has primarily relied on structured data such as electronic health 

records [22, 76, 77]. Moreover, most existing models frame adherence prediction as a binary 

classification task aimed at predicting overall adherence status (adherent/non-adherent). Reported 

F1 scores have ranged from 0.75 to 0.80 [22, 76, 77], comparable to our best model, Flan-T5-large 

(F1: 0.90 on the test split, and 0.76 on the external validation dataset). However, binary 

classification provides a limited perspective, as individuals may be adherent while still 

experiencing underlying barriers that increase their risk of future non-adherence. Given that ART 

is a multifactorial challenge, our LLM-based approach – by simultaneously identifying specific 

barrier types and stratifying risk levels – may provide a more nuanced understanding of individual 

challenges, supporting tailored clinical management and timely, targeted interventions [78]. 

However, messages reporting perfect adherence despite explicit barriers were currently classified 

as “None,” as no current or imminent nonadherence risk was inferred, which may underestimate 

preventive opportunities. Future work could consider new strategies to flag such cases for 

proactive support. 

Model performance showed minimal differences between general-domain models of varying sizes 

on the primary test split, but generalization gaps became evident on external datasets - a common 

phenomenon where smaller models are more prone to overfitting [79]. With advances in resource-

efficient adaptation methods such as LoRA, developing task-specific larger models has become 

more cost-effective, making them a practical option for healthcare settings where computing 

infrastructure is often limited[80]. Category-level performance was highest for the None category 

across both tasks (F1 = 0.92 for Task I, 0.91 for Task II), likely reflecting its greater representation 

in the training data. Categories characterized by clear, concrete language, such as Medication, 

Care, and Health, also performed well (F1 = 0.90, 0.92, and 0.94, respectively). In contrast, 

categories requiring subjective interpretation, such as Thoughts & Feelings and Social Situation, 

showed greater variability (F1 = 0.73 and 0.79, respectively). For instance, a sentence reflecting a 

social stigma-related adherence barrier was misclassified by the model as Habits & Activities based 
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on the presence of the keyword “travel”. Misclassification within Thoughts & Feelings was also 

common, as negative emotions often co-occur with other barrier types, leading to overlap and 

misclassification; in risk prediction, a sentence emphasizing the severe consequences of non-

adherence - reflecting one’s strong motivation rather than actual risk - was incorrectly classified 

as High risk. These errors reflect the known limitations of LLMs in tasks involving implicit 

reasoning [81], often due to shortcut learning, where models rely on surface cues rather than deeper 

context [82, 83]. With advances in LLM reasoning capabilities [84], future work may explore 

whether such approaches can optimize classification performance for these more complex, 

subjective categories. 

Another key factor limiting category-level performance was data imbalance, particularly for 

Economic Situation and High risk. To mitigate this challenge, we used annotation guideline-guided 

prompts with multiple LLMs to augment the training data. However, the results were generally 

low-quality and highly homogeneous, requiring re-annotation and validation. For Economic 

Situation, augmenting its training share from 1% to 3% moderately improved performance (for 

Flan-T5-xl: 0.67, > Care=0.58), though still fell short of well-represented categories. Data scarcity 

remains a recognized challenge in clinical AI [85]. Our study also incorporated the integration of 

qualitative interview transcripts into the training data – a rich source of domain-specific data that, 

to the best of our knowledge, is rarely leveraged in clinical NLP tasks. While promising, further 

research is needed to build more efficient and scalable approaches to address data scarcity in such 

scenarios. 

While domain-specific pretraining is expected to confer advantages for downstream tasks [39-41], 

our results challenge this assumption. In both adherence barrier and risk classification tasks, 

clinical foundation models performed significantly worse than general-domain models after fine-

tuning on the primary test split (P<.001 across all model pairs) and showed no clear advantage on 

the external validation set (ΔMacro-F1 ranging from +0.01 to -0.13). A likely explanation lies in 

the nature of our data - conversational, informal and user-generated - which differs substantially 

from the biomedical literature or electronic health records typically used for clinical pretraining. 

Moreover, ART medication adherence is shaped not only by biomedical factors, but also by 

personal experiences and social contexts [86], which are better captured in everyday language. 

Similar findings have been reported by van Buchem et al. in modeling depression in cancer 

patients’ day-to-day communication [35]. These results echo concerns in the clinical AI 
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community regarding the real-world utility of clinical foundation models [42]. Despite their 

theoretical promise, their practical value may be limited when tasks fall outside narrowly defined 

clinical knowledge domains. When developing models for tasks involving user-facing, real-world 

health communication, fine-tuning clinical foundation models may not be the optimal choice. 

The fine-tuned general-domain models also significantly outperformed GPT4.1 and other open-

source LLMs on both tasks (min Δ Macro-F1 = 0.09 for barrier detection and 0.10 for risk level 

detection; P < 0.001). Although a five-shot chain-of-thought prompting strategy guided by our 

annotation framework was applied, all evaluated models, including DeepSeek-R1 and Qwen3 with 

reasoning capabilities, performed poorly, even underperforming the BERT-base model. 

Interestingly, GPT-4.1 achieved the highest F1 score (0.50) for the High risk category, indicating 

some ability to detect serious adherence risks, consistent with prior findings [45]. Nevertheless, 

the overall performance gap suggests the limitations of deploying off-the-shelf LLMs for this task 

and reinforces the need for task-specific model development. 

In assessing model bias, our best-performing fine-tuned model and GPT-4.1 demonstrated 

comparable rates of prediction mismatches for adherence barriers following the injection of racial 

and gender descriptors (18% vs. 19%). This responsiveness can be beneficial, as adherence barriers 

may manifest differently depending on the individual’s social identity. Fairness in this context 

should be understood as equitable reasoning across social groups, rather than equal accuracy alone. 

Notably, 65% of the mismatches in our model shifted to the Social Situation category - closely 

linked to HIV-related stigma - suggesting that the model may be appropriately sensitive to relevant 

social factors. In contrast, nearly half of GPT-4.1's mismatches were reclassified as None, raising 

concerns about false negatives that could lead to missed opportunities to identify barriers. For the 

risk prediction, Gemma3 exhibited a 25% higher mismatch rate than our model. Predictions shifted 

more significantly in response to Black, White, Man and Transgender descriptors compared to our 

model, echoing concerns that LLMs may amplify biases, prejudices, and racism present in the 

language they are trained on [68]. Gemma3 also reclassified approximately 30% of affected 

sentences to the None risk category, again suggesting a higher risk of false negatives. All of this 

suggests that our model is more reliable in this task than other LLMs. That said, injecting 

demographic descriptors remains an artificial approach of stress testing and may not reflect real-

world language use. Future evaluations should incorporate participatory assessments with 

individuals from diverse racial and gender backgrounds to better assess model fairness in authentic 
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contexts. Given the diversity of the PWH population, ensuring that LLM-based triage models are 

developed and deployed equitably with attention to bias is critical to avoid perpetuating health 

disparities. 

Finally, the environmental footprints of model development followed expected trends, with energy 

consumption increasing alongside model size. For barrier prediction, Flan-T5-xl achieved a 

modest performance gain over Flan-T5-large on the external dataset (Δ Macro-F1 = 0.03) but 

consumed more than twice the energy (1.217 kWh vs. 0.604 kWh), equivalent to running a 

MacBook Air continuously for 24 hours. For risk prediction, the smaller Flan-T5-large 

demonstrated better generalization performance while consuming less energy, highlighting the 

trade-offs between model size, performance, and sustainability. These results raise an important 

question: Are the marginal performance gains of larger models sufficient to offset the 

environmental costs? A similar trade-off was observed during inference, where both fine-tuned 

models were substantially more energy-efficient than proprietary GPT-4.1, reinforcing the 

deployment advantages of smaller, task-specific models. Interestingly, although Gemma3 

consumed more energy per inference than Flan-T5-xl, its carbon footprint was lower due to hosting 

on Quebec’s low-carbon energy grid. These findings underscore the importance of considering 

both model selection and deployment infrastructure when developing clinical AI tools, particularly 

as clinical AI continues to scale.  

We acknowledge several limitations of this study. First, the annotation process was labor-

intensive, requiring great manual effort from both patient partners, clinical experts and researchers. 

Despite iterative guideline refinement, human labeling errors were inevitable, particularly for risk 

assessment, which requires subjective judgment and domain-specific knowledge. Messages 

mentioning barriers without explicit adherence-level information required annotator interpretation, 

introducing potential subjective judgment bias. This subjectivity likely contributed to the lower 

inter-rater agreement for risk labeling and may partly explain the weaker generalization of risk 

prediction models on external datasets. While LLMs such as GPT-4 have been proposed to assist 

with automated labeling [87, 88], our experiments showed that GPT-4 achieved only moderate 

agreement with human annotations, underscoring the current limitations of relying on LLMs for 

unsupervised dataset development. Second, parts of the training data required translation from 

French to English, which may have introduced linguistic biases. Third, our single-label 

classification framework may not capture the multidimensional nature of adherence barriers, 
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which often intersect across categories. Current models can identify the corresponding frequencies 

of different barriers and risks within a message. Future research will explore the frequencies and 

interrelationships of barriers and risks to better personalize appropriate interventions as well as the 

application of multi-label classification to better reflect this complexity. 

AI can help extend the reach of overstretched healthcare professionals by automating routine 

functions such as triage, follow-up reminders, and adherence checks [89]. In this study, we 

developed LLM-based models that can effectively detect ART adherence barriers and stratify 

associated risks from patient-generated text, offering a novel, scalable solution for individualized 

HIV care. These findings show that beyond generic capabilities, tailored LLMs can operationalize 

nuanced understanding of patient challenges, with the potential to inform real-time, personalized 

interventions. We plan to integrate these models into our MARVIN chatbot and a patient portal, 

with upcoming real-world validation to assess feasibility and clinical utility. Beyond technical 

performance, attention must be paid to ensuring these tools are acceptable to end users, integrate 

seamlessly into clinical workflows, and equitably serve diverse populations. Future research 

should also explore practice-based learning, enabling continuous model improvement by cycling 

back real-world data, and expanding model capabilities to support timely, personalized 

interventions. These efforts will be critical for advancing the responsible and effective application 

of AI in HIV care. 

6.7 Data availability 

Examples of the annotated dataset and the complete synthetic dataset used in this study is available 

at: https://github.com/yma-94/ART_Adherence. 

The full dataset, including the MARVIN training corpus (MT) and user conversations (MU), the 

I-Score study interview transcripts (ISCORE), and the Portail VIH/SIDA du Quebec messages 

(PVSQ) and the associated demographic-injected dataset, is available from the corresponding 

author (B Lebouché) on reasonable request but are not publicly released due to privacy 

considerations. 

6.8 Code availability 

The code being used in the current study for developing the model is provided via Github at 

https://github.com/yma-94/ART_Adherence.  

https://github.com/yma-94/ART_Adherence
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CHAPTER 7 GENERAL DISCUSSION 

This thesis presented the design and development of MARVIN, an AI-based chatbot designed to 

support self-management among PWH. It addressed several critical gaps identified in Chapter 2: 

(1) the limited availability of chatbot interventions for HIV self-management, coupled with a lack 

of real-world evidence supporting their use; (2) the absence of systematic, theory-driven 

frameworks to guide their development, implementation, and evaluation; and (3) the 

underutilization of state-of-the-art LLMs in HIV care. The three research articles presented in 

Chapters 4, 5, and 6 collectively span key phases of the digital health intervention development 

lifecycle, from design and implementation planning to real-world usability evaluation and 

continuous refinement, while grounding each phase in participatory design and aligning with the 

SHIFT principles of sustainable, human-centered, inclusive, fair, and transparent AI.  

7.1 Overview of contributions across the chatbot design and development 

lifecycle 

Figure 7.1 illustrates how these contributions map onto the chatbot design and development 

lifecycle. Chapter 4 covers the design, development, and implementation planning stages of the 

chatbot. Chapter 5 focuses with the evaluation and dissemination phase through real-world 

implementation, with its results serving as a needs assessment for subsequent development. 

Chapter 6 supports the design and development phase by building an LLM-based triage tool to 

enhance MARVIN’s intelligence and personalization. Together, these studies reflect an iterative, 

end-to-end approach to digital health intervention development. 

As identified in Chapter 2, PWH expressed a need for accessible and reliable resources to better 

support their daily self-management. The first article (Chapter 4) described the general design and 

development approach of MARVIN, in collaboration with PWH, healthcare professionals, and 

other stakeholders. Table 7.1 summarizes MARVIN’s status based on the chatbot taxonomy 

criteria proposed in Section 2.2.1.2. Given the chronic nature of HIV, MARVIN was designed and 

developed as a lifelong companion to assist with everyday self-management tasks. The chatbot 

delivers validated health information across a range of topics, including antiretroviral treatment 

(ART) adherence, ART management during travel, and common HIV-related questions. It also 

provides customizable medication reminders, tailored responses based on user input (e.g., ART 
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treatment name and delays, as shown in Figure 4.6), and uses a transformer-based NLP model with 

hybrid dialogue management techniques. Initially deployed on Facebook Messenger, MARVIN 

was later expanded to a standalone web interface (see Figure 7.2) in response to user feedback. 

Plans are in progress to expand its availability to additional platforms, such as WhatsApp and 

Instagram, with the aim of improving accessibility and enhancing user experience.  

 

Figure 7.1 Mapping of the three thesis articles onto the chatbot development lifecycle. 

 

Figure 7.2 MARVIN web interface developed in response to user feedback. 
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Table 7.1 Current status of MARVIN development based on the chatbot taxonomy proposed by 

Janssen et al. [89] and Nißen et al. [90]. 

Chabot 
Time 

horizon 

Primary 

communication 

style 

Intelligence 

framework 

Front-end 

user 

interface 

User 

assistance 

design 

Personalization 

MARVIN Lifelong  
Task-oriented & 

Informative 

Text 

understanding + 

Facebook 

Messenger & 

Website 

Reciprocal Adaptive 

The rapid emergence of generative AI tools such as ChatGPT has transformed the landscape of 

chatbot development and accelerated the pace of technological innovation. Recognizing the need 

for agile, iterative evaluation, the first article also introduced a three-phase master protocol using 

an adaptive platform trial design to guide the co-development, implementation, and evaluation of 

MARVIN and its domain-specific adaptations (Chapter 4). This methodological framework 

leverages mixed methods and implementation science models (NASSS [140], TAM [141]) to 

support rigorous assessment of chatbot interventions in real-world settings. Although the initial 

development and ethical review process was resource-intensive—taking a full year from inception 

to REB approval—this master protocol streamlines the coordination of multiple substudies, 

including the Chapter 6 study, and facilitates the rapid generation of high-quality evidence to 

inform practice and enhance timely access to advanced interventions. 

The second article (Chapter 5) confirmed the real-world feasibility, usability and acceptability of 

the MARVIN chatbot among PWH using a mixed-methods design. Quantitative findings met or 

exceeded established thresholds, while qualitative results demonstrated that MARVIN provided 

convenient, on-demand access to reliable information and support. Like previous findings [44, 45, 

105, 142, 143], participants valued the emotional safety, confidentiality, and nonjudgmental tone 

of the chatbot, which enabled open discussion of sensitive topics. However, several limitations 

were identified, including MARVIN’s limited topic coverage, lack of memory, and absence of 

proactive features—findings that also align with earlier research [45, 46, 105, 108, 110]. Further, 

participants expressed a desire for the chatbot to anticipate user needs and initiate helpful 

interactions to support ongoing self-management. 

Given the central importance of medication adherence in HIV self-management [144], the third 

article (Chapter 6) focused on designing and developing an LLM-based triage tool to detect ART 

adherence barriers and stratify associated risk levels from unstructured patient messages. Fine-
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tuned models outperformed both large-scale general-purpose LLMs (e.g., GPT-4.1) and clinical 

foundation models (e.g., Clinical-T5 Large), achieving state-of-the-art performance (Macro-F1 = 

0.83 for barrier detection, Macro-F1 = 0.80 for risk level prediction). Fairness analyses also showed 

that the proposed solutions were more reliable than GPT-4.1 and other large-scale open source 

LLMs when social demographic descriptors were injected into the sentences. However, further 

work is needed to better characterise the mechanisms behind prediction shifts after gender-related 

and race-related information is added. Notably, the triage module has not yet been integrated into 

the MARVIN chatbot for usability testing, as the system is being updated to an LLM-based 

architecture. Integration and evaluation of the triage module will be a key area of future 

development. 

7.2 Advancing responsible AI through the SHIFT framework 

Table 7.2 summarizes the alignment of the three articles with the SHIFT framework.  

7.2.1 Sustainable AI 

This thesis project embodies sustainable AI by aligning development with clinical needs and 

system-level feasibility across the chatbot lifecycle. The multidisciplinary team, including 

engineers, addresses technical capacity gaps identified in prior work [42], promoting long-term 

sustainability through strong technical leadership. Furthermore, the third article quantified the 

environmental impact of LLM training and deployment, answering calls for greater attention to 

sustainability in AI [125, 126]. Fine-tuned LLMs outperformed GPT-4 while consuming 30 times 

less energy, demonstrating the value of energy-efficient, task-specific models in digital health and 

offering practical guidance for future deployment. However, as noted by Cerchiari et al., chatbots 

may not always represent the most cost-effective intervention [109], underscoring the need for 

future assessment of MARVIN’s economic sustainability. 

7.2.2 Inclusive AI 

Participatory design methods were integrated throughout this thesis project to support inclusive AI 

development. PWH and other stakeholders were engaged early and repeatedly, including during 

the construction of MARVIN’s training database, prototype testing prior to the usability trial, 

feedback collection for the usability analysis, and co-development of labeling guidelines and 

annotations for triage algorithm development. This iterative, longitudinal engagement 
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demonstrated that patients and stakeholders are eager to contribute across all stages of the research 

process to ensure that the chatbot innovation delivers tangible benefits to end users [145]. Their 

continued involvement helped ensure that MARVIN reflected user needs and enhanced its overall 

relevance and utility. For instance, a French-language version was developed to meet local 

language needs, though further optimization is required to improve its performance (Chapter 5). 

Empowering end-users to shape the final solution and drive open innovation is important for 

healthcare AI [146] and such engagement was evidenced by the positive results of MARVIN 

usability study. 

Table 7.2 Alignment of thesis articles with the SHIFT framework for responsible AI. 

 
Article 1 Master protocol &          

Design and development of MARVIN 

Article 2 Usability 

study 

Article 3 Triage model 

development 

Sustainable 

AI 

Sustaining multidisciplinary team leadership 

- - 
Assessing environmental 

footprint  

Human-

centered AI 

Emphasizing the chatbot’s assistive role 

Supporting PWH self-management 
Identifying appropriate 

chatbot use 

Enabling first-layer triage 

support 

Inclusive AI 

Using a participatory design approach with PWH and stakeholders in developing the chatbot 

Creating two versions in Canada’s 

official language (English & French) 
Identifying user needs - 

Fair AI 

Enabling equitable access to information and support for HIV self-management 

Validating the training data with PWH - 
Assessing triage model 

fairness 

Transparent 

AI 

Communicating with PWH & stakeholders, and scientific community 

Validating the training data with PWH. 

Disclosing privacy policy and data 

security 

- 
Conducting error analysis 

for explainability 

PWH: people with HIV 
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Building on this foundation, future iterations of MARVIN will continue to be adapted to address 

the needs of diverse populations and evolving care contexts. For example, usability study 

participants emphasized that HIV-related knowledge is relevant not only to PWH but also to all 

sexually active individuals, indicating a broader potential target audience than initially anticipated. 

This finding aligns with the status-neutral model of HIV care and prevention proposed by Myers 

et al. [147], which views HIV testing as a gateway to either treatment or prevention and underscores 

the equal importance of both pathways. By promoting integrated care regardless of HIV status, this 

model helps reduce stigma, enhance engagement, and improve equitable access [147]. The focus 

of existing chatbot interventions on HIV prevention highlights its importance within HIV care [43-

45, 105]. Accordingly, future iterations of MARVIN will expand to include individuals at risk of 

HIV infection as target users. Aging with HIV is another increasingly important consideration. 

With an estimated 70% of PWH expected to experience comorbidities by 2030 worldwide [148], 

future adaptations of MARVIN should address the management of age-related and other chronic 

conditions. A recent review found that most digital health technologies remain condition-specific, 

increasing the burden on individuals managing multiple health issues [149]. Expanding MARVIN 

to integrate prevention, treatment, and comorbidity support could help reduce this burden and 

advance a more inclusive, streamlined approach to AI in HIV care. 

7.2.3 Human-centered AI 

Importantly, MARVIN is not intended to fully replace healthcare professionals but rather serve as 

a “digital coworker” that complements and supports them[150]. While many participants expressed 

trust in the chatbot, some preferred to consult clinicians on complex or sensitive topics, particularly 

those involving diagnosis or treatment. Consistent with human-centered AI principles, MARVIN 

is designed to augment care by supporting PWH’s daily self-management, offloading repetitive 

informational tasks, and eventually serving as a first layer of triage. While handling routine 

inquiries, the chatbot redirects high-risk or complex queries to appropriate healthcare providers or 

external resources, thereby facilitating clinicians’ ability to focus on delivering high-value care. 

Future work should focus on optimizing human-AI collaboration, and MARVIN will continue to 

be evaluated under the master protocol framework (Chapter 4) to guide its iterative improvement. 

This will support its seamless integration into real-world clinical workflows through iterative 

evaluation, design thinking, and implementation science [89]. Only through sustained application 
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of these principles may the MARVIN chatbot help strengthen care delivery, reduce provider burden, 

and advance a human-centered AI approach to improving overall health system efficiency.  

7.2.4 Transparent AI 

This work also made many efforts to ensure the transparency of our chatbot intervention. First, 

explainability is widely recognized as a key requirement for building trustworthy human–machine 

collaboration in healthcare settings [151]. To support interpretability of the chatbot’s responses, all 

training data were reviewed and validated by PWH and stakeholders, ensuring transparency and 

accuracy in the chatbot’s decision-making process (Chapter 4). Usability testing further confirmed 

that participants perceived the information provided by MARVIN as reliable (Chapter 5). In the 

third article, a detailed error analysis of LLM-based triage models was conducted, identifying 

potential sources of misclassification. For example, the triage model incorrectly classified the 

question “Are drug holidays safe?” under “Habits and Activities” due to the presence of the word 

“holiday,” when in fact the patient is asking whether it is safe to stop taking medication. Even 

accurate output does not guarantee the correctness of reasoning—LLMs may arrive at correct 

answers through flawed logic [152]. Future work may incorporate explainable AI tools such as 

SHAP or LIME [153] to further enhance algorithm-level explainability. In terms of privacy and 

security, the master protocol outlines the chatbot’s data protection measures, privacy policies, data 

security protocols, and informed consent procedures for full-scale deployment (Chapter 4). Finally, 

the complete development process of MARVIN, including identified system limitations, has been 

documented and communicated to the co-construction Committee and the broader scientific 

community to support transparency and contribute to broader responsible AI initiatives (See 

Appendix E for the complete list of related publications and presentations). 

7.2.5 Fair AI 

As with many of the reviewed chatbots, overall algorithmic fairness remains an area requiring 

further attention. In this work, fairness assessments were conducted only during the development 

of the triage model (Chapter 6). No fairness evaluation was applied to the chatbot itself, as it is 

currently trained on validated data and relies on predefined responses and does not personalize 

information based on race, gender, or other identity factors. Future chatbot iterations will 

incorporate LLM-based tools and place greater emphasis on fairness assessments to mitigate 

potential stigma caused by the models and ensure equitable support for marginalized populations.  
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7.3 Future work and developments 

Building on the foundation established in this thesis, the MARVIN project is entering a new phase 

of development centered on improving long-term utility, personalization, and better intelligence. 

As reviewed in Chapter 2, hybrid modeling strategies have become a dominant paradigm for 

enabling task-specific functionality in AI chatbots. Development efforts are increasingly shifting 

toward modular, sustainable, and practical architectures where multiple algorithms, models, and 

tools collaborate in human-like workflows.  

This approach is exemplified by multi-agent frameworks, in which multiple LLMs autonomously 

engage in topic-specific discussions, simulating human collaboration to improve the reasoning 

capabilities of LLMs. This improves the performance of the final output and enhances the 

interpretability of its decisions [154]. The third study in this thesis was developed under this 

modular strategy and will be integrated into MARVIN’s workflow in the next iteration. 

Furthermore, recent research suggests that small language models (SLMs)—with parameter counts 

in the millions to few billions—offer efficient, cost-effective solutions for specialized downstream 

tasks within multi-agent frameworks [155]. In many cases, SLMs outperform large, general-

purpose LLMs in terms of resource efficiency and deployment feasibility. These findings are 

consistent with the results of our third study.  

To this end, in addition to integrating the adherence triage model, several LLM-based components 

are under development to enhance MARVIN’s functionality. These include a stigma and emotion 

detection module to support users’ mental health, with early pilots showing strong performance in 

identifying negative affect and suicidal intent [156]. Additional modules include a PIPEDA (The 

Personal Information Protection and Electronic Documents Act)-compliant message 

anonymization module [157], a multilingual translation agent, and a memory module enabling 

short- and long-term memory through user persona profiling. Together, these components aim to 

address key user needs identified in Chapter 5, including emotional support, data privacy, language 

accessibility, and coherent, context-aware interactions. 

Data scarcity posed another persistent challenge throughout this study and remains a common 

barrier in healthcare AI, largely due to restrictions around data sharing. While synthetic data 

augmentation offers a potential solution, its effectiveness remains limited due to lack of diversity 

and poor quality [158]. Recent efforts to leverage LLMs for automated annotation have shown only 
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moderate agreement with human annotators [159], highlighting the limitations of current 

unsupervised approaches. In this project, manual annotation was used—the most reliable method 

for generating high-quality training data, but it required substantial input from patient partners, 

clinicians, and researchers, making it both resource-intensive. As emphasized in recent literature, 

access to large-scale, high-quality annotated data is essential for the development of robust 

healthcare AI models [160]. To enhance scalability and efficiency, future work should investigate 

semi-automated pipelines, such as active learning and LLM-assisted pre-annotation, while 

ensuring that data quality and clinical relevance are preserved. 

From an implementation perspective, the single-arm, short-term design and small sample size of 

the Chapter 5 study limit the generalizability of its findings. To strengthen evidence on chatbot 

implementation, a larger-scale clinical validation will be conducted under the master protocol 

following the integration of the triage module. However, the current protocol does not include 

provisions for evaluating clinical or service-related outcomes. Future iterations will incorporate 

key indicators such as viral load, medication adherence, and health literacy. To further assess 

generalizability across contexts, multicenter trials are planned, including a collaboration in Ghana 

through the MARVIN HYPE project, which aims to support HIV prevention and stigma reduction 

among high-risk young women. 

Long-term economic sustainability is a key consideration as MARVIN transitions to broader 

implementation. To date, the project has been developed and maintained entirely within an 

academic environment, with limited operational funding and technical resources. Built on open-

source, locally deployable models, MARVIN’s design contributes to its potential affordability and 

feasibility in resource-constrained settings, including public hospitals with limited infrastructure. 

However, as the chatbot scales and new features are introduced, the project must adopt a more 

sustainable model to support continued development and deployment. Meanwhile, major 

commercial players like OpenAI and Google are investing heavily in healthcare AI [161-163], 

raising the bar for competition and expectations. These shifts make it increasingly difficult for 

academic, non-commercial initiatives like MARVIN to remain viable. To continue offering a 

publicly accessible, equity-focused alternative, identifying new funding mechanisms, partnerships, 

or institutional support will be essential to sustaining MARVIN without compromising its mission. 
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Over the past four years, AI and chatbot technologies have advanced substantially. From early 

NLP-supported rule-based systems to the integration of LLMs, MARVIN has progressively 

adopted many of these innovations to better support PWH. Despite its potential, MARVIN has not 

yet been implemented in routine clinical practice, reflecting persistent challenges in integration, 

validation, and adoption within healthcare systems. This journey is far from over. Addressing 

broader sustainability considerations such as long-term maintenance, cost-effectiveness, and 

scalability will be essential in future phases to ensure the delivery of a solution with meaningful 

and lasting value to healthcare [164]. MARVIN may thus serve as a case study in responsible, 

human-centered healthcare AI, illustrating how impactful digital health innovation arises from 

aligning technical development with clinical relevance, ethical design, and user-centered 

development.  
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CHAPTER 8 CONCLUSION 

This thesis aimed to design and develop an AI-based personalized chatbot to support self-

management among PWH, guided by principles of participatory design and responsible AI. 

Through three interrelated manuscripts, it addressed the central question of how such technologies 

can be designed, developed and implemented to meaningfully augment HIV care in real-world 

settings. 

The first article described the methodological protocol for MARVIN’s co-development, 

implementation, and evaluation as well as that of its family of chatbots. The second article 

presented the results of real-world usability testing, demonstrating MARVIN’s feasibility, usability, 

and acceptability in supporting daily self-management among PWH. The third article focused on 

the development and validation of an LLM-based solution to triage ART adherence barriers and 

associated risk levels, offering a scalable solution for personalized, proactive care. Together, these 

papers showcase a comprehensive lifecycle approach to the design and development of AI-based 

healthcare chatbots. Beyond technical innovation, this work highlights broader implications for the 

development of responsible healthcare AI tools. Co-designed with patients and clinicians, 

MARVIN exemplifies and concerted effort to achieve sustainability, human-centeredness, 

inclusiveness, fairness, and transparency in healthcare AI tool development and implementation. 

Several limitations should be acknowledged. MARVIN’s implementation was assessed in a 

specific geographic and demographic context, which may limit the generalizability of findings. 

Moreover, MARVIN remains limited in long-term utility, personalization, and adaptive 

intelligence. As the system scales and new features are introduced, sustainable development and 

maintenance strategies will be essential. Future work will focus on integrating new LLM-based 

modules to enhance personalization (e.g., broader topic coverage, greater language accessibility, 

and memory support), privacy, and emotional support, while expanding implementation through 

multicenter trials and clinical outcome evaluation. Additional efforts will aim to improve data 

efficiency and establish sustainable development models to support long-term deployment. 

The potential of this program to improve HIV care and PWH self-management is substantial. 

MARVIN could empower thousands of individuals to build health-related knowledge, lessen the 

lifelong self-management burden of PWH, help reduce strain of HIV healthcare providers, and 

most importantly, foster the overall wellbeing and quality of life of PWH. Finally, this PhD thesis 
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advances the field of healthcare AI for chronic disease management and contributes meaningfully 

to UNAIDS (United Nation of AIDS)’s goal of ending the HIV epidemic by 2030.  
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APPENDIX A  SUPPORTING MATERIALS FOR CHAPTER 2 

Table 8.1 Final taxonomy of design elements for chatbots, extracted from [90]. 
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Table 8.2 Design taxonomy for chatbots with different temporal profiles, extracted from [91]. 
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APPENDIX B  SUPPORTING MATERIALS FOR CHAPTER 4 

Multimedia Appendix 1: CONSORT (Consolidated Standards of Reporting Trials) extension 

for pilot and feasibility trials checklist. 

[Link] 

Multimedia Appendix 2: CONSORT-EHEALTH (Consolidated Standards of Reporting 

Trials of Electronic and Mobile Health Applications and Online Telehealth) V 1.6.1 checklist. 

[Link] 

Multimedia Appendix 3: CONSORT-AI (Consolidated Standards of Reporting Trials–

Artificial Intelligence) checklist.  

[Link] 

Multimedia Appendix 4: Demonstration video—the MARVIN chatbots study. 

[Link] 

Multimedia Appendix 5: Privacy policy—the MARVIN chatbots study. 

[Link] 

Multimedia Appendix 6: Information and consent form. 

[Link] 

Multimedia Appendix 7: Summary of study procedures for participants. 

[Link] 

Multimedia Appendix 8: Study questionnaires and semistructured interview guide for the 

usability study. 

[Link] 

 

 

  

https://jmir.org/api/download?alt_name=resprot_v13i1e54668_app1.pdf&filename=2c04ae62794ec0ff674b69335632398e.pdf&__hstc=178719527.e2c681d9e0fd0050a4001e68662f7613.1733845836966.1753669763847.1754015853908.48&__hssc=178719527.1.1754015853908&__hsfp=983703373
https://jmir.org/api/download?alt_name=resprot_v13i1e54668_app2.pdf&filename=83e558b75b75ee343ccd3b2aa41df041.pdf&__hstc=178719527.e2c681d9e0fd0050a4001e68662f7613.1733845836966.1753669763847.1754015853908.48&__hssc=178719527.1.1754015853908&__hsfp=983703373
https://jmir.org/api/download?alt_name=resprot_v13i1e54668_app3.pdf&filename=d93310d783dfaad5e9c5420efe387c12.pdf&__hstc=178719527.e2c681d9e0fd0050a4001e68662f7613.1733845836966.1753669763847.1754015853908.48&__hssc=178719527.1.1754015853908&__hsfp=983703373
https://jmir.org/api/download?alt_name=resprot_v13i1e54668_app4.mp4&filename=cc35896622519c654b7ea324f9370464.mp4&__hstc=178719527.e2c681d9e0fd0050a4001e68662f7613.1733845836966.1753669763847.1754015853908.48&__hssc=178719527.1.1754015853908&__hsfp=983703373
https://jmir.org/api/download?alt_name=resprot_v13i1e54668_app5.pdf&filename=daa63b723e52428e96942e5c3cd1753e.pdf&__hstc=178719527.e2c681d9e0fd0050a4001e68662f7613.1733845836966.1753669763847.1754015853908.48&__hssc=178719527.1.1754015853908&__hsfp=983703373
https://jmir.org/api/download?alt_name=resprot_v13i1e54668_app6.pdf&filename=22d678ab2824f73cd14cad310f7e0068.pdf&__hstc=178719527.e2c681d9e0fd0050a4001e68662f7613.1733845836966.1753669763847.1754015853908.48&__hssc=178719527.1.1754015853908&__hsfp=983703373
https://jmir.org/api/download?alt_name=resprot_v13i1e54668_app7.pdf&filename=f4bfca78d975d3707cb88babe3eaa183.pdf&__hstc=178719527.e2c681d9e0fd0050a4001e68662f7613.1733845836966.1753669763847.1754015853908.48&__hssc=178719527.1.1754015853908&__hsfp=983703373
https://jmir.org/api/download?alt_name=resprot_v13i1e54668_app8.pdf&filename=283471541626f50abea1cca02fd910f2.pdf&__hstc=178719527.e2c681d9e0fd0050a4001e68662f7613.1733845836966.1753669763847.1754015853908.48&__hssc=178719527.1.1754015853908&__hsfp=983703373
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APPENDIX C  SUPPORTING MATERIALS FOR CHAPTER 5 

Multimedia Appendix 1: Complete list of conversation topics. 

[Link] 

Multimedia Appendix 2: CONSORT artificial intelligence (AI) guidelines. 

[Link] 

Multimedia Appendix 3: Sociodemographic and study questionnaires. 

[Link] 

  

https://jmir.org/api/download?alt_name=resprot_v13i1e54668_app1.pdf&filename=2c04ae62794ec0ff674b69335632398e.pdf&__hstc=178719527.e2c681d9e0fd0050a4001e68662f7613.1733845836966.1753669763847.1754015853908.48&__hssc=178719527.1.1754015853908&__hsfp=983703373
https://jmir.org/api/download?alt_name=resprot_v13i1e54668_app2.pdf&filename=83e558b75b75ee343ccd3b2aa41df041.pdf&__hstc=178719527.e2c681d9e0fd0050a4001e68662f7613.1733845836966.1753669763847.1754015853908.48&__hssc=178719527.1.1754015853908&__hsfp=983703373
https://jmir.org/api/download?alt_name=resprot_v13i1e54668_app3.pdf&filename=d93310d783dfaad5e9c5420efe387c12.pdf&__hstc=178719527.e2c681d9e0fd0050a4001e68662f7613.1733845836966.1753669763847.1754015853908.48&__hssc=178719527.1.1754015853908&__hsfp=983703373
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Multimedia Appendix 4: Focus group interview guide. 

The MARVIN Chatbot usability study 

Qualitative focus group/interview script 

1. What led you to enroll in this study? (icebreaker/general interest/motivation)  

Prompt: What makes you interested in participating this study? 

What is your motivation? 

2. How easy or hard was it for you to learn to use MARVIN? (perceived ease of use)  

Prompt:  What made MARVIN easy/hard to use?  

Why is it hard/easy? 

3. How helpful did you find your conversations with MARVIN? (perceived usefulness)  

Prompt:  What was most/least helpful about MARVIN?  

  When do you feel is most helpful? 

4. How satisfied are you overall with MARVIN? (attitude towards use)  

Prompt: Why do you feel satisfied? What makes you feel satisfied? 

5. If you could use MARVIN in the future, to what extent would you? (intent to use)  

Prompt: What will make you use MARVIN in the future?  

In what situation, or what context?  

When will you want to use it? 

6. How would you improve MARVIN? (future directions)  

Prompt:  How could MARVIN be more helpful?  

How could MARVIN be more user-friendly?  

What topics could be added to MARVIN?  

What functions could be added to MARVIN? 
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Multimedia Appendix 5: Scatterplots – linear regression models of inter-subconstruct 

relationships. 

H1: PU=f(PEU) 

 

H2: ATU=f(PEU) 
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H3: ATU=f(PU) 

  

H4: BIU=f(PU) 
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H5: BIU=f(ATU) 

 

 

 

Multimedia Appendix 6: Complete quotes – qualitative analysis. 

[Link] 

 

  

https://jmir.org/api/download?alt_name=resprot_v13i1e54668_app6.pdf&filename=22d678ab2824f73cd14cad310f7e0068.pdf&__hstc=178719527.e2c681d9e0fd0050a4001e68662f7613.1733845836966.1753669763847.1754015853908.48&__hssc=178719527.1.1754015853908&__hsfp=983703373
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APPENDIX D  SUPPORTING MATERIALS FOR CHAPTER 6 

Supplementary file 1. Annotation guideline 

 

 

 

 

Medication Adherence Barriers  

&  

Risk levels 

 

 

for People with HIV 

 

Annotation guidelines 

 

 

Written by Yuanchao Ma & The MARVIN Chatbot Triage co-construction committee 
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10 

Introduction and purpose statement 

Non-adherence to antiretroviral therapy (ART) is a widespread and multifactorial problem 

associated with poorer health outcomes that can increase the cost of care and the burden on health 

systems. However, it has been a challenge to effectively identify factors that affect adherence to 

medication. This project aims to empower self-management of people with HIV develop a set of 

deep learning-based classification algorithms that can identify, and extract data related to patients' 

medication adherence barriers from messages received by a chatbot and triage them according to 

the level of risk. 

These guidelines describe specific ART adherence barriers, based on the I-Score 7-item study, we 

wish to capture in the messages of patients sent to/discussed with various resources, and the 

methodology for annotation. In addition to identifying the presence of factors that affect adherence 

to ART, each barrier will have certain risk levels to further enrich our datasets. 

The annotation developed in this project will subsequently be used to train natural language 

processing systems that can “read” patient messages, identify related ART adherence barriers they 

may currently be suffering from, and extract them from the conversations.  

 

Annotators should carefully read these guidelines in their entirety prior to starting 

annotations. 
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Annotation Task 

Each message/conversation may have sentences that represent one or more of the barriers that we 

have defined below. Annotators are tasked with identifying the sentences that describe these ART 

adherence barriers concepts. If a sentence describes a barrier concept, annotators then assign a risk 

level of that barrier as further detailed in the specific subsections below. Assigning the label is 

interchangeably referred to as “annotating” or “tagging” the sentence in these guidelines. 

During the annotation process, each message/conversation is pre-split into sentences, where each 

annotated data point will be a sentence within a document. Most annotations will not require 

annotators to take in any context other than what is in the boundaries of each sentence. For instances 

where context outside of the sentence boundaries is needed to make an annotation judgment, we 

ask annotators to use their best judgment, and to defer to surface level annotation without the use 

of textual context.  

Moreover, annotators should take in the context of the patient-chatbot/physician conversation 

event, as well as common sense logic. Within reason, an annotator should consider the intent of the 

patient for a particular sentence.  

We first assume in this project that all messages come from people with HIV. If it can be 

ascertained that it is not from a user with HIV: 

- If it is one’s partner, we will still categorize it. 

- If it is someone with negative diagnostic, we will classify only PrEP-related messages. 

The thought process that should be considered is, "If it is not important for the patient to say what 

he thinks, why did he say it?" More examples of implicit barriers are detailed below, and we ask 

annotators to consider common sense (not just explicit textual evidence) when labeling sentences. 

Finally, a sentence can describe more than one different category of medication adherence barriers, 

and in some cases a sentence can describe more than one barrier within a single category. We ask 

annotators to please label for the moment the most relevant barrier with the highest potential 

risk per relevant sentence. 

Annotators should annotate strictly according to these guidelines. We acknowledge that there are 

many different ways to define ART adherence barriers that our guidelines may not always capture. 

However, the goal of this project is to develop consistent annotations for the specific definitions 
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of ART adherence barriers that are detailed below. Sentences may describe a barrier and/or risk 

level that may seem at first glance to align with one of our barrier categories, but do not meet our 

specific definitions. In these cases, please adhere only to the definitions below. Consistency is 

key because consistent labels are paramount to being able to train models that can identify and 

extract barrier. 

ART adherence barriers: Definitions 

The definition of ART adherence barriers is some aspect of life that may make it difficult for 

patients to take their HIV medications as prescribed. By "difficult", we mean skipping doses, 

delaying doses, or being very unpleasant while taking the medication.   

In terms of barriers, we followed the original I-Score definition of seven categories and added one 

new category to refine the prediction task. Each category was defined as follows: 

Thoughts and feelings 

This includes acceptance of having HIV, emotions (feeling sad, anxious, etc.), medication-related 

knowledge and beliefs or motivation to take medication. 

Example intentions include: 

Ask if he/she can stop taking pills  

1MT_0741 I don ’ t want to take my medication anymore !  

 

Suicide intention 

4MU_2540 i am tired of my HIV condition , just wanna end my life 

 

Always difficult taking meds - thoughts 

1MT_2763 I often feel unmotivated to take my meds 

 

Importance of taking medication daily  

1MT_0747 Can i skip my complera occasionally? 
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Habits and activities 

This includes daily life (one’s schedule, priorities, etc.) or substance use (alcohol, drugs, or other 

substances). 

Example intentions include: 

Missing meds long time 

1MT_1534 I haven ’ t taken my stribild for more than a week , what should I do ? 

4MU_0846 I didnt take my medication during many days , what should I do 

 

Stop meds during traveling 

4MU_0452 Can I take a drug holiday from medication ? 

4MU_3036 should i delay my meds if i go to san fransisco 

 

Forgetfulness    

4MU_3949 I ' d like some tips on how to stop forgetting to take my medication . 

1MT_3083 Often , I forget to take my atripla 

 

Late for meds  

4MU_1013 If I miss my medication one day , can I have a double dose in the next ? 

4MU_1030 Is any problem if I miss take my medication just one day ? 
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Social situation 

This includes personal relationships or the experience of stigma. 

Example intentions include: 

didn't take pill because of social stigma 

3ISCORE_0604 All that I did say is that the pill I have is the flu medicine, and I 

decided that day I did n't take my pills, still I did n't leave because of my HIV, but it ' s just, 

someone who has it there . 

 

didn't take pill because of a lot of people 

3ISCORE_0595 When I travel , sometimes I ' m surrounded by several people . 

Sometimes , like on those days , I did n't take it . 

 

HIV status disclosure 

4MU_3683 Should I tell my sexual partner that I am HIV positive ? 

4MU_4376 Do I have to tell the customs department that I have HIV ? 

3ISCORE_0127 On the face of it , you ca n't tell him , well , look , I ' m , I ' m HIV 

positive . 

 

Meds claiming during travel 

4MU_3704 How do I hide my medication when I travel ? 

 

relationship problem 

3ISCORE_5863 Is there anything other than HIV pills , with HIV treatment that ’ s , 

there was a part of that decision to sort of have you say stay at home and be quiet ? 

3ISCORE_1396 There is a lot of trusting, I don ’ t trust . 
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Economic situation 

This includes financial or housing issues. 

Example intentions include: 

financial constraints 

4MU_1210 One of the problem is financial constraints 

3ISCORE_1579 Ah , you do n't have any food at home . 

3ISCORE_1675 I ask for amounts of money every week 

 

medication costs  

4MU_0780 How much it costs medication in Canada ? 

4MU_1080 It is cheap to taka hiv treatment ? 

 

support group  

4MU_1138 Montreal HIV support group 

3ISCORE_1586 There are always organizations to help me 

 

prep costs 

4MU_2418 how much does prep cost 

 

Jobless 

3ISCORE_0214 Right now , I ' m off work too . 

 

Food access-related problems are a barrier in the economic situation. 
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Medication 

This includes the HIV medication’s side effects, instructions or physical features (for example, pill 

size or taste). 

Example intentions include: 

Best time for taking meds? 

1MT_1124 Should I take my ART before going to bed instead of the next morning ? 

4MU_3873 I take my medication in the evening , but at what time is it recommended ? 

 

 

change treatment 

4MU_0853 I do n't like my medication , can I switch to another one ? 

4MU_3871 I can take another antiretroviral treatment without being mine . 

 

Drug interaction 

4MU_1391 The medication have some interactions with protein or another supplement 

? 

4MU_4555 Is ginseng compatible with Juluca ? 

 

side effects  

4MU_4570 do my medications increase the risk of developing certain cancers ? 

 

Double meds 

4MU_4479 i took my medication yesterday at 20:00 , and when i woke up i did n't know 

if i had taken it , so i took another one , and then i remembered that i had really taken one 

the day before . what should i do ? 
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Care 

This includes issues with healthcare professionals, the clinic, the pharmacy, or payment of 

medication or care.  

Example intentions include: 

no more treatment 

4MU_0364 Can I change my medication by another medication for one time if I don ’ t 

have any left . 

4MU_0922 I only have 3 of my 4 antiretroviral medications while travelling for two 

weeks . 

3ISCORE_0200 There , it was particular that I forgot , that I did n't have enough pills 

for four days . 

 

where to get the treatment 

4MU_4017 Where can I buy my pills ? 

 

alternatives to prep 

1MT_3891 What are the other preventive measures in addition to PrEP ? 

1MT_3889 What other things can I do after taking prep that will help me lower my risk 

of hiv infection ? 

 

care access 

4MU_3376 where can i find an HIV health provider in Montreal ? 

3ISCORE_1003 Because right now , we seem to be , it ' s as if I never had a family 

doctor . 
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Health 

This includes lab test results, HIV symptoms or overall health. 

Example intentions include: 

general health - emergency 

4MU_0280 Am not able to get the stuff like first add kit 

 

problematic - health 

4MU_0880 I have a fever , can I take the medication ? 

4MU_0829 I am feeling sick , where should I go ? 

 

Reproductive health 

4MU_0357 Can I breastfeed my baby if I ' m HIV positive ? 

4MU_3308 what kind of sex can i have if i ' m HIV positive ? 

 

How to know if undetectable 

4MU_4179 If I start taking my medication , how long will it take for my viral load to 

become undetectable ? 

 

U=U Type of sex 

4MU_4666 sexual relations if I am undetectable 

4MU_0412 Can I have oral sex with my partner if I have an undetectable viral load ? 

 

None 

This includes all sentences that do not mention any barrier-related information. 
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Risk levels: Definition 

We defined adherence level based on the number of nonadherent days within a 30-day period: 

Perfect adherence: No missed doses 

Optimal adherence: ≥95% and <100% (i.e., ≤1 missed dose) 

Near-optimal adherence: <95% and ≥80% (i.e., 2–5 missed doses, not occurring 

consecutively) 

Suboptimal adherence: <80% (i.e., ≥6 missed doses) 

Thus, we further define the following risk level classification scheme to assess the severity and 

frequency of adherence-related challenges in the message: 

High: Explicit mention of an adherence barrier that leads, or may lead, to suboptimal 

adherence.  

Medium: Explicit mention of adherence barrier that leads, or may lead, to near-optimal 

adherence. 

Low: Explicit mention of an adherence barrier that leads, or may lead, to optimal but not 

perfect adherence.  

None: No mention of adherence barriers, or explicit mention of a barrier with an explicit 

statement of perfect adherence. 

 

See Table 1 for illustrative examples of adherence risk levels. 

Table 1. Illustrative examples of adherence risk levels. 

Example Barrier Risk level 

And that might mean another 5 days of not taking my medications, cause I will not 

go back to the pharmacy until my next day off. 

Care High 

So, you’re going out and sometimes it’s going to make you forget about your 

treatment. 

Habits & 

Activities 

Medium 

I can't think of anything yet that could stop me, maybe if I was really sick. Health Low 

I didn't see any difference, because between taking a small tablet and a bigger one at 

the same time, or taking just one, it doesn't make much difference. 

Medication None 

 

  



218 

 

Supplementary file 2 

 

Hyper-parameters for model training 

During the model development, the fine-tuning process of the best-performing models follows 

specific hyper-parameters using one A100 GPU from Google Colab.  

 

A training batch size of 32 was used for BERT family, T5-small and -base.  

For T5-large and -xl, auto_find_batch_size was set to “True” for training batch size. 

 

Learning rate was equal to 3e-5 for BERT family, and models were trained for a total of 7 epochs. 

Learning rate was equal to 1.1e-4 for T5-small and -base, and models were trained for a total of 10 

epochs. 

Learning rate was equal to 4e-4 for T5-large and -xl, and models were trained for a total of 10k 

steps. 

 

Additionally, the LoRA configuration was employed with a rank 'r' of 16 and a 'lora_alpha' value 

of 32. This configuration targeted the "q" and "v" modules in the transformer layers and 

incorporates a dropout rate of 0.1. 

 

lora_config = LoraConfig( 

      task_type = "SEQ_CLS", 

      r=16,  

      lora_alpha=32,  

      target_modules=["q", "v"],  

      lora_dropout=0.1, 

      bias= 'none',  

  ) 
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Data augmentation – LLMs candidates and prompting strategies: 

 

model_list = { 

   "gpt_4_1": "gpt-4.1", 

   "llama_3_2": "llama3.2:3b", 

   "gemma3": "gemma3:12b", 

   "mistral": "mistral:latest", 

   "phi4": "phi4:latest", 

   "mixtral": "mixtral:8x7b",  

} 

 

prompt_generation = ''' 

Your goal is to create diverse and realistic samples for the indicated class while adhering to the 

task description. 

**Task description**: [ We are developing a healthcare chatbot to converse with people with HIV 

or those at risk. The goal here is to develop a triage algorithm to identify medication adherence 

problems and the associated risk level. Here's the definition of each category and risk level. 

 

We define eight categories: 

1. Thoughts and feelings. This includes acceptance of having HIV, emotions (feeling sad, anxious, 

etc.), medication-related knowledge and beliefs, or motivation to take medication.  

2. Habits and activities. This includes daily life (one’s schedule, priorities, etc.) or substance use 

(alcohol, drugs, or other substances).  

3. Social situation. This includes personal relationships or the experience of stigma.  

4. Economic situation. This includes financial or housing issues. 

5. Medication. This includes the HIV medication’s side effects, instructions, or physical features 

(for example, pill size or taste).  

6. Care. This includes issues with healthcare professionals, the clinic, the pharmacy, or payment of 

medication or care.  

7. Health. This includes lab test results, HIV symptoms, or overall health.  

8. None. This includes all sentences that do not mention any barrier-related information.  

 

Regarding the risk level, we first define adherence level based on the number of nonadherent days 

within a 30-day period: 

- Perfect adherence: No missed doses 
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- Optimal adherence: ≥95% and <100% (i.e., ≤1 missed dose) 

- Near-optimal adherence: <95% and ≥ 80% (i.e., 2 – 5 missed doses, not occurring 

consecutively) 

- Suboptimal adherence: <80% (i.e., ≥6 missed doses) 

 

Then we define four levels: high, medium, low, and none.  

1) High: Explicit mention of an adherence barrier that leads, or may lead, to suboptimal 

adherence.  

2) Medium: Explicit mention of adherence barrier that leads, or may lead, to near-optimal 

adherence. 

3) Low: Explicit mention of an adherence barrier that leads, or may lead, to optimal but not 

perfect adherence.  

4) None: No mention of adherence barriers, or explicit mention of a barrier with an explicit 

statement of perfect adherence. 

 

**Instructions**: 

- Analyze the task description and identify key attributes or features for each class. 

- Use reasoning to ensure the synthetic data aligns with the characteristics of the task and its real-

world relevance. 

- Generate 50 synthetic samples for **[Specific barrier]**, in JSON format, following this:  

Format the output as a JSON array, not a list, and output nothing more. The objects have the keys:  

'data', 'barrier', 'risklvl'. \ 

The 'data' should be a realistic text sample that represents the class. Ensure the sample is diverse in 

terms of text length and content. 

The 'barrier' should be one of the nine categories defined above.  

The 'risklvl' should be one of the four levels defined above.  

- Ensure the samples are diverse, balanced, and representative of each class. Also, ensure that the 

examples are sufficiently life-like and that the wording is sufficiently colloquial, with enough 

details.   

 

Give me only a nested JSON object, like {'synthetic_data': [{...}]}, where ... are the keys defined 

above.  

''' 
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Classification – LLMs prompting strategies: 

 

input = [ 

    #         {"role": "system", "content": "You are an annotator, please provide labels for the given 

sentences considering the following definition."}, 

    #         {"role": "user", "content": prompt + text} 

#     ], 

 

For zero-shot:  

prompt = prompt_classification_zero_shot 

 

prompt_classification_zero_shot = ''' 

Regarding adherence barrier, we define eight categories: 

1. Thoughts and feelings. This includes acceptance of having HIV, emotions (feeling sad, anxious, 

etc.), medication-related knowledge and beliefs, or motivation to take medication.  

2. Habits and activities. This includes daily life (one’s schedule, priorities, etc.) or substance use 

(alcohol, drugs, or other substances).  

3. Social situation. This includes personal relationships or the experience of stigma.  

4. Economic situation. This includes financial or housing issues. 

5. Medication. This includes the HIV medication’s side effects, instructions, or physical features 

(for example, pill size or taste).  

6. Care. This includes issues with healthcare professionals, the clinic, the pharmacy, or payment of 

medication or care.  

7. Health. This includes lab test results, HIV symptoms, or overall health.  

8. None. This includes all sentences that do not mention any barrier-related information.  

 

Regarding the risk level, we first define adherence level based on the number of nonadherent days 

within a 30-day period: 

- Perfect adherence: No missed doses 

- Optimal adherence: ≥95% and <100% (i.e., ≤1 missed dose) 

- Near-optimal adherence: <95% and ≥ 80% (i.e., 2 – 5 missed doses, not occurring 

consecutively) 

- Suboptimal adherence: <80% (i.e., ≥6 missed doses) 
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Then we define four levels: high, medium, low, and none.  

1) High: Explicit mention of an adherence barrier that leads, or may lead, to suboptimal 

adherence.  

2) Medium: Explicit mention of adherence barrier that leads, or may lead, to near-optimal 

adherence. 

3) Low: Explicit mention of an adherence barrier that leads, or may lead, to optimal but not 

perfect adherence.  

4) None: No mention of adherence barriers, or explicit mention of a barrier with an explicit 

statement of perfect adherence. 

 

**Instructions**: 

- Analyze classification definition descriptions to identify key attributes or features of each 

category. 

- Use reasoning to ensure that the predicted labels match the categorical definitions. 

- Predict the corresponding barrier category first and then predict the risk level for the input, in 

JSON format, following this:  

Format the output as a JSON array, not a list, and output nothing more. The objects have the keys:  

"barrier", "risklvl".  

The "barrier" should be your prediction from one of the eight categories defined above.  

The "risklvl" should be your prediction from one of the four levels defined above.  

Don't give me ANY explanation. Give me ONLY a nested JSON object, like {"prediction": [{...}]}, 

where ... are the keys defined above.  

 

Now let's think step by step, generate the predictions, and output the results in JSON format.  

 

Here is the input: {input} 

'''  

 

For five-shots:  

prompt = prompt_classification_five_shot  

 

prompt_classification_five_shot = ''' 

Regarding adherence barrier, we define eight categories: 

1. Thoughts and feelings. This includes acceptance of having HIV, emotions (feeling sad, anxious, 

etc.), medication-related knowledge and beliefs, or motivation to take medication.  
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2. Habits and activities. This includes daily life (one’s schedule, priorities, etc.) or substance use 

(alcohol, drugs, or other substances).  

3. Social situation. This includes personal relationships or the experience of stigma.  

4. Economic situation. This includes financial or housing issues. 

5. Medication. This includes the HIV medication’s side effects, instructions, or physical features 

(for example, pill size or taste).  

6. Care. This includes issues with healthcare professionals, the clinic, the pharmacy, or payment of 

medication or care.  

7. Health. This includes lab test results, HIV symptoms, or overall health.  

8. None. This includes all sentences that do not mention any barrier-related information.  

 

Regarding the risk level, we first define adherence level based on the number of nonadherent days 

within a 30-day period: 

- Perfect adherence: No missed doses 

- Optimal adherence: ≥95% and <100% (i.e., ≤1 missed dose) 

- Near-optimal adherence: <95% and ≥ 80% (i.e., 2 – 5 missed doses, not occurring 

consecutively) 

- Suboptimal adherence: <80% (i.e., ≥6 missed doses) 

 

Then we define four levels: high, medium, low, and none.  

1) High: Explicit mention of an adherence barrier that leads, or may lead, to suboptimal 

adherence.  

2) Medium: Explicit mention of adherence barrier that leads, or may lead, to near-optimal 

adherence. 

3) Low: Explicit mention of an adherence barrier that leads, or may lead, to optimal but not 

perfect adherence.  

4) None: No mention of adherence barriers, or explicit mention of a barrier with an explicit 

statement of perfect adherence. 

 

**Instructions**: 

- Analyze classification definition descriptions to identify key attributes or features of each 

category. 

- Use reasoning to ensure that the predicted label match the categorical definition. 

- Predict the corresponding barrier category first and then predict the risk level for the input, in 

JSON format, following this:  

Format the output as a JSON array, not a list, and output nothing more. The objects have the keys:  
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"barrier", "risklvl".  

The "barrier" should be your prediction from one of the eight categories defined above.  

The "risklvl" should be your prediction from one of the four levels defined above.  

Just give me the closest set of barriers and risk levels. If there are two sets that apply, give me the 

one with the highest risk level. Don't give me your explanation. Give me ONLY a nested JSON 

object, like {"prediction": [{...}]}, where ... are the keys defined above.  

 

**Examples**: 

Here are several classification examples:  

1. "I've been drinking all week, so I haven't taken my medication all week either. Am I screwed?"  

- The output should be:  

{"prediction": [{"barrier": "Habits and activities", "risklvl": "High"}]}  

2. "I sometimes feel unmotivated to take my meds, can i skip my complera occasionally? "  

- The output should be:  

{"prediction": [{"barrier": "Thoughts and feelings", "risklvl": "Medium"}]}  

3. "At the very beginning , the constraint was that we had to see the doctor quite often , because of 

research protocols."  

- The output should be:  

{"prediction": [{"barrier": "Care", "risklvl": "Low"}]}  

4. "I'm undetectable now, so everything is fine for me."  

- The output should be:  

{"prediction": [{"barrier": "Health", "risklvl": "None"}]}  

5. "To get the medication , you do n't necessarily have the money."  

- The output should be:  

{"prediction": [{"barrier": "Economic situation", "risklvl": "High"}]}  

 

Now let's think step by step, generate the predictions, and output the results in JSON format.  

 

Here is the input: {input} 

'''  

  

  



225 

 

Demographic descriptor injection – LLMs prompting strategies: 

 

prompt_socio_adding = """ 

Randomly add one of race/ethnicity [asian, black, white, latino, indigenous] and gender [woman, 

man, trans] description into the given sentences as natural as you can, and put the modified 

demographic description in bracket at the beginning, like these examples: 

 

1. If I'm HIV positive , what is the risk of contamination ? =>  

    As a [latino male] latino man, if I'm HIV positive, what is the risk of contamination ? 

 

2. Is this a symptom of hiv ? =>  

    Is this a symptom of hiv ? I am an indigenous trans [indigenous tran]. 

 

3. I ' m very afraid of hiv. =>  

    I ' m a white man [white male] and I'm very afraid of hiv. 

 

4. Can you enlighten me I ' m very afraid . =>  

    Can you enlighten me, as a black woman [black female] I ' m very afraid  

     

Now, please think step by step, and generate me just the new sentences with the indicators: 

""" 
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Table 1. Most common discrepancies between ground-truth and best-performing model prediction 

for each task (Count>=10) 

 

Task  Ground truth Model prediction Count 

Barrier prediction None  Thoughts & Feelings 20 

 None  Habits & Activities 15 

 Thoughts & Feelings Habits & Activities 11 

 Thoughts & Feelings None 10 

Risk level prediction None Low 38 

 None Medium 37 

 Medium None 29 

 Medium Low 27 

 Low None 22 

 Low Medium 21 

 Medium High 12 

 High Medium 11 
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