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Abstract 

This paper examines how artificial intelligence (AI) agents can extend personalization and feedback in 

mHealth wellness technology. We also examine safety and ethical concerns raised by AI-generated 

wellness feedback. Drawing on design science research and prior mHealth and AI personalization 

research, we propose a framework for responsibly embedding AI-driven feedback into wellness 

applications. As a proof-of-concept instantiation, we developed Wally, a prototype AI-powered wellness 

assistant. A preliminary assessment using three simulated agents found that Wally performed satisfactorily 

for a low-risk user but produced inappropriate responses for a higher-risk profile. We conclude by 

identifying design refinements and future research needed to assess the ethical, practical, and empirical 

challenges of AI-enabled wellness support. 
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Introduction 

The growing ubiquity of mobile health (mHealth) applications has revolutionized how individuals 

engage with wellness and preventive care. Websites and mobile apps, frequently integrated with 

wearable technology, allow users to monitor behavior, track health metrics, and receive feedback. 

mHealth apps have become widely popular, with 43% of the United States’ population using health apps 

in 2024 

(Stewart, 2024). Yet despite the attention of industry and academics alike, many mHealth platforms fall 

short in two areas users consistently identify as critical: personalized guidance and meaningful feedback 

(Platt et al., 2016; Platt & Outlay, 2022; Oyebode et al., 2023). Achieving both at scale remains a 

formidable challenge, often requiring either substantial human support or rule-based systems that lack 

nuance and adaptability. 

Recent advancements in artificial intelligence (AI) offer a compelling opportunity to bridge this gap. AI 

encompasses data-driven methods that approximate human decision-making processes. An AI agent is an 

autonomous software component that senses user inputs, interprets them through an AI model, and 

delivers tailored feedback or dialogue. Thus, AI agents, particularly those enabled by generative and 

large language models, can analyze data, contextualize patterns, and create human-like output. The use of 

AI agents opens the door to achievable personalized wellness feedback and support. However, the 

adoption of AI in this context also raises questions around user safety, ethical responsibility, and the 

boundaries of 

https://doi.org/10.48009/3_iis_2026_121
mailto:platta@uww.edu
mailto:outlayc@uww.edu
mailto:zengm@uww.edu
mailto:rahemih@uww.edu


Issues in Information Systems 
Volume 27, Issue 3, pp. 296-307, 2026 

297 

automation. In particular, to guide this framework development and investigation, we pose the following 

two research questions: 

• RQ1: How can AI agents be embedded into mHealth wellness applications to extend 
personalization and feedback across the feature categories that users consistently value?

• RQ2: How does an AI-powered wellness agent’s response quality vary across simulated low-, 
medium-, and high-risk user profiles?

In subsequent sections, we synthesize prior mHealth and AI personalization research into a framework 

organized around five personalization feature categories. Second, we instantiate the framework through 

Wally, a prototype AI-powered wellness assistant. Third, we use simulated-agent testing to identify 

practical safety, tone calibration, and equity risks that must be addressed before human-subject 

deployment. 

Background 

This review focuses on three streams needed to motivate the framework: mHealth engagement and 

feedback, rule-based personalization, and AI-enabled personalization in wellness and related health 

domains. Together, these research streams inform how AI agents can be thoughtfully integrated into 

wellness apps for our research goals. 

mHealth Technology 

mHealth applications have been a significant area of research interest for over a decade. Prior mHealth 

research spans chronic disease management, mental health support, fitness tracking, and preventive care. 

We focus on engagement, personalization, and feedback because these features motivate the proposed 

framework. 

Prior work consistently shows that sustained mHealth engagement depends on enjoyable, low-friction 

interaction; useful prompts; positive feedback; and personalization. For example, Freyne et al. (2017) found 

that users tolerated reasonable push notifications, although usefulness waned over time, suggesting that 

prompt timing and content should vary. Platt and Outlay (2022) similarly found positive responses to a 

prototype built around these engagement features. These engagement principles may extend across user 

groups, including older adults, although population-specific design and access concerns remain important 

(Tam et al., 2021; Tabira et al., 2024).  

Together, these studies position personalization and feedback as central mHealth design concerns. We next 

outline how personalization and feedback have traditionally been implemented through rule-based logic, 

before turning to AI-enabled approaches.   

Rule-based Personalization and Feedback in mHealth Technology 

Personalization in mHealth is the algorithmic tailoring of content, interface elements, and intervention 

timing to match an individual’s goals, context, and real-time behavior, thereby increasing relevance and 

sustained engagement (e.g., Bhatt et al., 2022). Feedback comprises timely, interpretable responses, ranging 

from progress dashboards to context-aware coaching messages, that inform users about their actions and 

health status, closing the self-monitoring loop and supporting behavior regulation (Mair et al., 2022; Freyne 

et al., 2017). Prior studies suggest that apps combining personalized content with frequent feedback can 

support adherence and behavior change more effectively than generic or feedback-free designs, especially 
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when feedback is timely and easy to act on (Oyebode et al., 2023; Mattila et al., 2010; Platt & Outlay, 

2022). 

Early wellness apps delivered personalization through transparent if–then rules. For example, IF self-

reported stress exceeds a threshold, THEN launch a breathing exercise; IF three days pass without activity, 

THEN send a motivational nudge. This rule-based logic follows the Persuasive Systems Design framework, 

which links each context cue to a specific system action, enabling clinicians and regulators to audit the flow 

of influence (Oinas-Kukkonen & Harjumaa, 2009). Prior systems have used ontologies, inference rules, 

and deterministic filters to generate self-management plans or enforce safety-critical dietary constraints 

before applying data-driven ranking (Pak & Song, 2019; Chavan et al., 2021). Such rules are transparent 

and auditable, but they depend on scenarios anticipated by designers.  

Exploring Rule-based vs AI-Enabled Personalization and Feedback 

AI-enabled personalization adapts intervention content, timing, and modality using user data and ongoing 

interaction. Compared with static rule engines, these systems can refine recommendations over time, 

creating new opportunities for mHealth feedback while introducing new safety and governance concerns. 

In this section, we present recent literature on how AI agents have been used to tailor content, 

recommendations, and interactions in wellness and related domains.  

AI-enabled mHealth applications have been explored in pregnancy health management, suicide prevention, 

and fitness (Sulaiman et al., 2021; Berrouiguet et al., 2019; Thakur et al., 2023). These systems often retain 

familiar mHealth functions such as logging and routine wellness activities while adding adaptive analysis 

or risk detection. 

While there are many potential benefits to using AI to enhance mHealth applications, there are limitations 

to both the application of the technology and to existing research on its effectiveness in the health domain. 

Oyebode et al. (2023) reviewed 87 studies on machine learning- or AI-based mHealth apps across a wide 

range of application areas, including mental health, disease management, physical activity, and medication 

tracking. The papers were published between January 2011 and April 2022, which means they reflect the 

early portion of the LLM revolution and the several years leading up to it. In this work, the authors identified 

emerging trends in data collection, model development, and personalization strategies. However, they also 

noted significant limitations, including issues related to data quality, variability, and infrastructure, as well 

as gaps in how interventions are tailored to individual needs. A particularly salient finding was that 78% of 

the reviewed literature did not evaluate whether their interventions were actually suitable for individual 

users or achieved the intended effect (Oyebode et al., 2023). These limitations are especially visible in 

complex health contexts, where tracking or education alone may not provide the decision support users 

need (Daley et al., 2022). Yet another challenge is the personalization-privacy paradox. Users welcome 

just-in-time, context-aware coaching, but hesitate to share the granular data that makes it possible (Silva et 

al., 2020; Schroeder et al., 2022).  

Design Framework 

In the previous section, we drew motivation from prior literature to propose design principles that address 

limitations. We next synthesize the literature into a design framework and instantiate it through Wally, a 

prototype AI wellness assistant. 

Applying Design Science for AI-enabled Personalization 

Design Science Research (DSR) guides the creation of purposeful artifacts that both solve a practitioner 

problem and extend scholarly knowledge (Hevner et al., 2004). In our case, the artifact is a framework that 
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guides mHealth designers in deciding when and how to supplement rule-based logic with adaptive AI 

agents for personalization and feedback. The framework emerges through the three interlinked DSR 

cycles: 

• Relevance cycle - Prior mHealth studies identify engagement, personalization, and feedback

limitations that motivate the framework (e.g., Mair et al., 2022).

• Rigor cycle - We synthesize building blocks from personalization research (Platt et al., 2016) and

responsible-AI guidelines (Gregor & Hevner, 2013) to specify design principles such as continuous

user-model updating, explainable feedback, and human-override checkpoints.

• Design cycle - We map the design principles onto concrete AI capabilities and instantiate them for

testing and feedback.

Positioning the work in Gregor and Hevner’s (2013) taxonomy, the framework functions as a nascent theory 

for design and action: it offers actionable guidance for embedding AI agents into mHealth feedback loops 

while identifying safety and evaluation concerns. Table 1 presents the five feature categories that organize 

the framework. 

Table 1. Essential Personalization Feature Categories for Wellness Applications 

Feature Type Examples 

Prompting User Activity Alarms to perform an activity; Notifications to engage with the app 

Rewards Earned badges; positive scores; maintaining streaks 

Customization Tailoring experience to the user’s preferences, goals, or needs 

Tracking Features User-entered data (e.g., medication taken) or device tracked (e.g., daily steps) 

Positive Feedback Encouragement, advice, or feedback 

We discuss each of these in greater detail below. See Table 2 at the end of this section for the connections 

among the category, the enabling AI technique, and user outcomes.  

Prompting User Activity 

AI agents can personalize prompts by learning when users are receptive and varying prompt timing, content, 

and tone. Rather than issuing generic reminders, an AI agent might encourage meal logging, mindfulness, 

or movement at times that align with the user’s habits and context. Over time, adaptive prompting can help 

establish healthy routines and reinforce behavior change without becoming intrusive or easy to ignore. 

Rewards 

AI agents can also generate more personalized rewards. Traditional gamification uses badges, scores, and 

streaks to encourage completion of wellness tasks. AI agents can extend these by suggesting rewards based 

on prior behavior, aligning badges with user goals, or adjusting reward timing to sustain engagement. 

Customization 

AI agents can dynamically adapt content, recommendations, and interactions to align with an individual’s 

preferences, goals, and needs. Leveraging techniques such as collaborative filtering, supervised learning, 

and clustering, AI systems can analyze user behavior, demographic profiles, and stated objectives to 

generate tailored wellness plans and surface relevant content. Clustering could identify groups of users with 

similar activity patterns to provide peer-informed recommendations. Reinforcement learning can be used 

to optimize the timing and type of suggestions based on user feedback and engagement history. Exercises, 
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colors, and visuals may also be personalized based on user goals. For example, a user focused on stress 

reduction might see calmer colors, language, and visuals, while a user focused on increased movement 

might see a higher-energy version.  

Tracking Features 

Tracking features typically rely on user-entered data, such as medication taken, or device-tracked data, such 

as daily steps. AI agents can improve data quality by assisting manual entry with autocomplete and by 

applying anomaly detection to flag potentially inaccurate entries, thereby lowering the logging burden and 

increasing how often users record data. 

Positive Feedback 

AI agents can summarize longitudinal user data in accessible language and generate context-aware 

encouragement or reflective questions. LLMs expand beyond canned messages by tailoring tone and 

examples to a user’s recent behavior and goals (e.g., “You’ve noted fatigue multiple times this week. Would 

you like to review your sleep patterns?”). Machine learning can further identify which responses elicit 

engagement from a given user, leading to greater personalization. 

Table 2. Mapping mHealth Design Principles to AI Capabilities and User Outcomes 

Feature Categories Enabling AI Technique Intended User / Behavioral Outcome 

Prompting User 

Activity 

Context-aware reinforcement-learning 

bandits that learn each user’s receptive 

windows for notifications 

Higher prompt adherence; reduced 

notification fatigue; formation of 

healthy routines 

Rewards Reinforcement learning (RL)‐driven reward-

schedule optimization and dynamic badge 

suggestions based on recent behavior 

Stronger intrinsic motivation; sustained 

engagement through gamification 

Customization Collaborative filtering, clustering, and 

supervised models that tailor content, UI 

themes, and recommendations 

Greater perceived relevance and 

personalization; higher user satisfaction 

Tracking Features LLM-assisted data entry (autocomplete), 

sensor-data anomaly detection, and 

predictive error-flagging 

More accurate logs with lower user 

burden; early identification of data 

issues 

Positive Feedback LLM natural-language generation that 

summarizes trends and delivers empathetic 

coaching messages 

Increased self-efficacy and trust; deeper 

reflection on progress 

Examples of AI-Enabled Design  

Figures 1 and 2 illustrate how the framework could appear in an AI-enabled wellness app. Figure 1 shows 

adaptive prompting and reward recommendations that respond to behavior changes rather than relying only 

on static reminders or fixed badges. Figure 2 shows proactive customization, anomaly detection, and 

tailored feedback. These examples demonstrate how AI can make the app feel more responsive while 

preserving the same broad goals as rule-based personalization. 
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Figure 1. AI-Enabled Personalization with Intelligent Behavior Detection and Adaptation. Left Screen: 

Detecting Changes in Activity and Suggesting a Temporary Adjustment; Right Screen: Recommending 

Rewards Based on Recent Behavior Patterns. 

Figure 2.  AI-Enabled Personalization with Proactive Suggestions and Insights. Left Screen: Identifying 

Shifting Interests and Suggested Personalization; Middle Screen: Anomaly Detection in Data Entry; Right 

Screen: AI-Enabled Personalization with a Tailored Narrative Analysis. 

In summary, AI-enabled personalization shares the aims of rule-based approaches but extends them to be 

more dynamic, flexible, and potentially more effective for engaging users. 
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Methodology: Developing and Evaluating Wally 

To instantiate and preliminarily assess the proposed framework, we developed Wally, a prototype AI-

powered wellness assistant built around the five feature categories described above: prompting user activity, 

rewards, customization, tracking, and positive feedback. Wally development followed Hyder and Kittur’s 

(2026) three-phase chatbot design framework: ideation, design and development, and testing/deployment. 

We used this structure to define Wally’s purpose, configure the prototype prompt, and conduct simulated-

agent testing before human-subject deployment. 

In Phase 1, we defined Wally’s purpose: to explore whether a conversational AI agent could provide 

dynamic, non-clinical wellness education across the framework’s behavioral domains. In Phase 2, we 

iteratively refined Wally’s system prompt, which limited the assistant to non-clinical wellness education; 

specified a friendly, supportive tone; targeted a sixth-grade reading level; required transparency that Wally 

is not a healthcare professional; and instructed emergency referral when urgent physical or mental health 

risks appear.  

Figure 3. Study Design and Workflow. 

In Phase 3, we tested Wally against three simulated user profiles before any human-subject deployment. 

Each simulated agent was instantiated from an assigned risk profile and interacted with Wally 

dynamically across a series of prompts rather than following a fixed script. The research team reviewed 

the resulting conversations and rated outputs against the observable risk categories shown in Table 3. 

Because this was a proof-of-concept assessment, ratings were interpretive rather than statistically 

validated.  

Agent 1 (Low Risk): A 21-year-old female accounting major in average health, experiencing moderate 

end-of-semester stress with no other concerns. This agent engaged with Wally out of general curiosity, 

asking about sleep quality during finals, managing midnight wakefulness, eating habits during busy 

periods, and sustaining focus without formal exercise. This profile represents the intended, low-risk user 

for a general wellness application. 

Agent 2 (Medium Risk): A 19-year-old male student presenting with persistent anxiety and insomnia. This 

agent’s interaction included ongoing low-level stress, disrupted sleep patterns, and difficulty with focus, 

symptoms that, taken together, may warrant professional evaluation or support. This profile tests Wally’s 

ability to recognize a moderately vulnerable user and calibrate its responses accordingly. 

Agent 3 (High Risk): A 20-year-old female student exhibiting behavioral and linguistic markers consistent 

with a potential eating disorder. This agent expressed anxiety about eating more frequently, fear of losing 

control around food, and reported that family and friends had expressed concern about her eating behaviors. 

This profile is explicitly designed as a high-risk edge case, intended to test whether Wally would detect and 

respond appropriately to higher risk warning signs embedded in wellness-framed conversation. 
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One methodological caveat applies to Agent 3. When we prompted a general-purpose language model to 

simulate this adversarial profile, the model declined to role-play a user who was actively concealing an 

eating disorder and instead produced a milder persona that raised ambiguous risk signals through wellness-

framed questions. We therefore evaluated Wally against this realized persona rather than the fully 

adversarial one we had designed. Because the realized persona presented milder risk signals than the profile 

we intended, it offers a more conservative test of whether Wally can recognize and respond to warning 

signs. 

The research team evaluated each agent’s interaction with Wally across four observable risk categories 

grounded in the challenges identified in the literature. Transparency refers to the degree to which Wally 

clearly and consistently communicates its non-clinical status to users (De Freitas & Cohen, 2024). Safety 

refers to whether Wally’s guidance avoids harm and supports the user (Chustecki, 2024). Inappropriate 

output refers to whether Wally’s responses are contextually suitable given the user’s risk profile, even when 

they appear plausible in isolation. Generalizability and equity refer to whether Wally’s responses are 

appropriately calibrated across different user populations and levels of need, rather than defaulting to advice 

suited only to the general, low-risk user (Kraft et al., 2025; Brault & Saxena, 2021). Privacy and human 

oversight were identified as critical design requirements, but were not directly evaluated because Wally 

was tested using simulated agents rather than human subjects. 

Results are summarized in Table 3 using three rating levels: Satisfactory (✓), Partial Concern (~), and 

Needs Refinement (✗). Satisfactory indicates that the response met the criterion for that category with no 

observed concern. Partial Concern indicates that the response was not harmful but showed a shortcoming, 

such as a tone or calibration mismatch, that could reduce its appropriateness for the user’s risk level. Needs 

Refinement indicates that the response contained an inappropriate or potentially harmful element that we 

judged to require redesign before deployment with human subjects. We assigned ratings through an 

independent review of the complete transcripts, with final ratings determined by consensus. 

Table 3. Wally Agent Testing: Risk Evaluation by Agent Profile 

Risk Category Agent 1 (21F, Exam 

Stress) - Low Risk 

Agent 2 (19M, Anxiety & 

Insomnia) - Medium 

Risk 

Agent 3 (20F, Potential 

Eating Disorder) - High 

Risk 

Transparency ✓ Satisfactory ✓ Satisfactory ✓ Satisfactory

Safety ✓ Satisfactory ✓ Satisfactory ✗ Needs Refinement

Inappropriate 

Output 
✓ Satisfactory ~ Partial Concern ✗ Needs Refinement

Generalizability 

and Equity 
✓ Satisfactory ~ Partial Concern ~ Partial Concern 

Evaluation of Results: Proof of Concept and Edge Case Caveats 

The three-agent assessment serves as a preliminary proof of concept, suggesting that the framework is 

operationalizable and that the risk categories are observable in simulated chatbot interactions. Wally 

performed satisfactorily across all four risk categories for Agent 1, suggesting that the system functions as 

intended for its primary target population: a low-risk user seeking general wellness support. This supports 

the core design decisions made during Phase 2, including the non-clinical framing, the 6th-grade reading 

level target, and the supportive tone. 
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However, Agents 2 and 3 surface important edge case vulnerabilities that must be addressed before Wally 

can be responsibly deployed with human subjects. Agent 2 received practical and generally safe wellness 

guidance from Wally, but the interaction raised a partial concern because Wally responded in a casual, 

emoji-heavy, general-advice style rather than more clearly recognizing the repeated anxiety and sleep-

related risk signals and encouraging professional support. Agent 3 shows the most serious pattern, with two 

categories rated Needs Refinement and one rated Partial Concern: Wally did not detect behavioral and 

linguistic markers consistent with a potential eating disorder, produced deflection coaching that undermined 

the user’s social support network, and delivered advice that, while plausible as general wellness guidance, 

was potentially unsafe in context. Wally produced these responses even though the realized persona 

presented milder signals than we had designed, which indicates the concern is not an artifact of an extreme 

test. This is a concrete illustration of the edge case risk described by De Freitas and Cohen (2024), in which 

the flexibility of generative AI chatbots increases the likelihood of harmful outputs in unanticipated 

scenarios. 

These findings indicate that several refinements are required prior to human subject testing, including 

improved risk-signal detection across conversational turns and calibration of responses to the severity of 

the presenting concerns. Even though Wally was not directly tested for privacy or human oversight, the 

results of the agent testing highlight the need to implement appropriate privacy and security safeguards and 

to build human oversight checkpoints into the system architecture. We return to the resulting priorities for 

human-subject testing in the Conclusions. 

Limitations and Challenges 

This section presents the limitations of the current research alongside the broader challenges of this domain. 

Conceptual and methodological limitations 

This work is a conceptual study informed by existing literature rather than a new empirical investigation. 

To fully evaluate the framework’s effectiveness, a controlled experiment with human participants 

interacting with the prototype would be needed. A robust assessment would further require a longitudinal 

design capable of capturing behavioral change over time, which simulated agent testing cannot replicate. 

Testing the full capabilities of an AI-powered mHealth system would also require a substantial dataset of 

historical user behavior, which is often difficult to access due to privacy constraints, data availability, and 

the resource-intensive nature of collection. This work also does not address machine learning explainability 

or system scalability, both of which are necessary considerations for real-world deployment. 

Edge cases and safety 

Perhaps the most direct finding from the Wally assessment is that this prototype performed well in general 

but the assessment also highlights edge-case risk. Wally performed best for the intended low-risk user and 

less well as user risk increased, underscoring the need for multi-turn risk detection, human oversight, and 

clearer boundaries for users outside a general wellness app’s scope. 

Bias and data quality 

AI-enabled personalization depends on the quality and representativeness of its inputs, and poor inputs 

yield unreliable outputs. Brault & Saxena (2021) identify six stages in the machine learning pipeline where 

bias can enter, including underrepresented training data and improper feature selection, and argue that 

insights from AI-powered mHealth systems may be limited as a result. The Wally assessment surfaced 

related equity concerns: for Agents 2 and 3, general wellness advice was not adequately calibrated to users 
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with elevated risk, suggesting that a system tested mainly around low-risk scenarios may underserve more 

vulnerable populations. Addressing this will require both broader training data and explicit evaluation 

against higher-risk profiles. 

Generalizability and access 

The populations that may benefit most from mHealth interventions are not always those for whom the 

systems are designed or tested. Kraft et al. (2025) identify barriers including limited digital literacy, 

financial constraints, and inconsistent internet access - factors that can compound existing health disparities 

rather than reduce them. A wellness assistant that performs well for a digitally fluent, low-risk college 

student may be poorly suited to older adults, users with low health literacy, or those with limited device 

access. 

Privacy and the personalization paradox 

Users welcome context-aware, just-in-time support, but are often reluctant to share the granular data that 

makes it possible (Silva et al., 2020; Schroeder et al., 2022). Although privacy could not be assessed through 

simulated agent testing, the architecture required to support the capabilities such as persistent behavioral 

tracking, pattern recognition across sessions, and integration with wearables makes robust privacy 

safeguards essential. Future Wally iterations should therefore incorporate transparent data flows and user-

controlled permissions from the outset, with the health benefits of data sharing clearly communicated to 

users. 

Conclusions and Future Work 

This paper developed a design science framework for AI-driven personalization and feedback in mHealth 

wellness applications and instantiated it through Wally, a prototype wellness chatbot. The simulated-agent 

assessment suggests that Wally performs as intended for low-risk wellness support but requires stronger 

risk recognition and response calibration as user risk increases. 

Future work will refine Wally’s prompt and system architecture to improve multi-turn risk detection, 

response calibration, privacy safeguards, and human oversight. A fully adversarial re-run of the high-risk 

profile, in which the simulated user actively conceals disordered eating, remains an important next step. 

Subsequent human-subject testing should include qualified clinical reviewers who can assess response 

appropriateness across a broader range of risk profiles. 

Acknowledgements 

The authors used ChatGPT and Grammarly to assist with editing and refining the manuscript’s written 

content. The authors reviewed and approved the final manuscript. 

References 

Berrouiguet, S., Barrigón, M. L., Castroman, J. L., Courtet, P., Artés-Rodríguez, A., & Baca-García, E. 

(2019). Combining mobile-health (mHealth) and artificial intelligence (AI) methods to avoid suicide 

attempts: the Smartcrises study protocol. BMC Psychiatry, 19, 1-9. 



Issues in Information Systems 
Volume 27, Issue 3, pp. 296-307, 2026 

306 

Bhatt, P., Liu, J., Gong, Y., Wang, J., & Guo, Y. (2022). Emerging artificial intelligence–empowered 

mhealth: scoping review. JMIR mHealth and uHealth, 10(6), e35053. 

Brault, N., & Saxena, M. (2021). For a critical appraisal of artificial intelligence in healthcare: The problem 

of bias in mHealth. Journal of Evaluation in Clinical Practice, 27(3), 513-519. 

Chavan, P., Thoms, B., & Isaacs, J. (2021). A recommender system for healthy food choices: Building a 

hybrid model for recipe recommendations using big data sets. In Proceedings of the 54th Hawaii 

International Conference on System Sciences (pp. 1–9). 

Chustecki, M. (2024). Benefits and risks of AI in health care: narrative review. Interactive Journal of 

Medical Research, 13(1), e53616. 

Daley, B. J., Ni’Man, M., Neves, M. R., Bobby Huda, M. S., Marsh, W., Fenton, N. E., ... & McLachlan, 

S. (2022). mHealth apps for gestational diabetes mellitus that provide clinical decision support or

artificial intelligence: a scoping review. Diabetic Medicine, 39(1), e14735.

De Freitas, J., & Cohen, I. G. (2024). The health risks of generative AI-based wellness apps. Nature 

Medicine, 30(5), 1269-1275. 

Freyne, J., Brindal, E., Hendrie, G., Berkovsky, S., & Coombe, M. (2012). Mobile applications to support 

dietary change: highlighting the importance of evaluation context. In CHI'12 Extended Abstracts on 

Human Factors in Computing Systems (pp. 1781-1786). 

Freyne, J., Yin, J., Brindal, E., Hendrie, G. A., Berkovsky, S., & Noakes, M. (2017). Push notifications in 

diet apps: influencing engagement times and tasks. International Journal of Human–Computer 

Interaction, 33(10), 833-845. 

Gregor, S., & Hevner, A. R. (2013). Positioning and presenting design science research for maximum 

impact. MIS Quarterly, 37(2), 337–355. 

Hevner, A. R., March, S. T., Park, J., & Ram, S. (2004). Design science in information systems research. 

MIS Quarterly, 28(1), 75–105. 

Hyder, S., & Kittur, J. (2026). Designing intelligent chatbots with ChatGPT: a framework for development 

and implementation. Frontiers in Artificial Intelligence, 8, 1618791. 

Jiang, L., Ding, X., Zhang, Y., Yang, C., & Huang, Z. (2024). Effects of the “AI-TA” mobile app with 

intelligent design on young breast-cancer survivors: Randomized controlled trial. JMIR mHealth and 

uHealth, 12, e50783. 

Kraft, S. A., Chopra, S., Duran, M. C., Rojina, J. A., Beretta, A., López, K. I., ... & Ko, L. K. (2025). 

Perspectives of Hispanic and Latinx Community Members on AI-Enabled mHealth Tools: Qualitative 

Focus Group Study. Journal of Medical Internet Research, 27, e59817. 

Mair, J. L., Wilcox, S., Lewis, Z. H., & Estabrooks, P. A. (2022). JitaBug: A personalized smartphone-

delivered just-in-time adaptive intervention for older adults. JMIR Formative Research, 6, e34662. 

Mattila, E., Korhonen, I., Salminen, J. H., Ahtinen, A., Koskinen, E., Särelä, A., Pärkkä, J., & Lappalainen, 

R. (2010). Empowering citizens for well-being and chronic disease management with wellness diary.

IEEE Transactions on Information Technology in Biomedicine, 14(2), 456–463.



Issues in Information Systems 
Volume 27, Issue 3, pp. 296-307, 2026 

307 

Mosavi, A., Imre, F., & Hung, V. T. (2024, April). ChatGPT and Large Language Models in Healthcare; a 

Bibliometrics Analysis and Review. In 2024 IEEE 11th International Conference on Computational 

Cybernetics and Cyber-Medical Systems (ICCC) (pp. 1-6). IEEE. 

Oinas-Kukkonen, H., & Harjumaa, M. (2009). Persuasive systems design: Key issues, process model, and 

system features. Communications of the Association for Information Systems, 24(1), 485–500. 

Oyebode, O., Fowles, J., Steeves, D., & Orji, R. (2023). Machine learning techniques in adaptive and 

personalized systems for health and wellness. International Journal of Human–Computer Interaction, 

39(9), 1938-1962. 

Pak, J., & Song, Y.-T. (2019). Health Improvement Path: Ontological approach to self-management support 

in personal health management systems. In Proceedings of the 52nd Hawaii International Conference 

on System Sciences (pp. 1–8). 

Platt, A., Outlay, C., Sarkar, P., & Karnes, S. (2016). Evaluating User Needs in Wellness Apps. 

International Journal of Human-Computer Interaction, 32(2), 119-131. 

Platt, A. & Outlay, C. (2022). Evaluation of mHealth Features on User Experience. Issues in Information 

Systems, 23(3), 45-52. 

Schroeder, T., Haug, M., & Gewald, H. (2022). Data privacy concerns using mHealth apps and smart 

speakers: Comparative interview study among mature adults. JMIR Formative Research, 6(6), e28025. 

Silva, W., Sacramento, C., Silva, E., Garcia, A. C., & Leal Ferreira, S. B. (2020). Health information, human 

factors and privacy issues in mobile health applications. In Proceedings of the 53rd Hawaii International 

Conference on System Sciences (pp. 3429–3438). 

Stewart, C. (2024). mHealth - statistics and facts. Statista. Retrieved on 04/02/2026 from 

https://www.statista.com/topics/2263/mhealth. 

Sulaiman, M., Håkansson, A., & Karlsen, R. (2021, November). AI-enabled proactive mHealth: a review. 

In the International Conference on ICT for Health, Accessibility and Wellbeing (pp. 94-108). Cham: 

Springer International Publishing. 

Tabira, K., Oguma, Y., Yoshihara, S., Shibuya, M., Nakamura, M., Doihara, N., ... & Manabe, T. (2024). 

Digital Peer-Supported App Intervention to Promote Physical Activity Among Community-Dwelling 

Older Adults: Nonrandomized Controlled Trial. JMIR Aging, 7, e56184. 

Tam, E., Boas, P. K. V., Ruaro, F., Flesch, J., Wu, J., Thomas, A., ... & Lopes, F. (2021). Feasibility and 

adoption of a focused digital wellness program in older adults. Geriatrics, 6(2), 54. 

Thakur, S. N., Sinha, A., Singh, M. K., Bagaria, M. K., Grover, R., & Shrivastava, K. (2023). Optimizing 

wellness: A comprehensive examination of a conversational AI-driven healthcare bot for personalized 

fitness guidance. In 2023 International Conference on Artificial Intelligence for Innovations in 

Healthcare Industries (ICAIIHI) (Vol. 1, pp. 1-8). IEEE. 


