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Abstract. Mobile health (mHealth) applications are increasingly used for
health monitoring but often struggle to engage users effectively. This study
proposes a computational model to personalize mHealth experiences using in-
telligent conversational agents that combine Large Language Models (LLMs),
vector-based knowledge retrieval, and sentiment analysis. An experiment was
conducted to evaluate the model’s application in assisting patients with urinary
incontinence after radical prostatectomy. The results demonstrated that incor-
porating a specialized knowledge base significantly improves the personaliza-
tion of clinical support. The study underscores the potential of LLMs to improve
user experience in healthcare applications and highlights the need for further
refinements in adapting interaction strategies to better meet patient needs.

1. Introduction
Mobile health (mHealth) applications are essential health promotion and self-care support
tools. These solutions facilitate continuous health data monitoring, including physical ac-
tivity, vital signs, and dietary habits, thereby providing more significant support to users
[Davies and Mueller 2020] and promoting their self-care. Despite the widespread avail-
ability of these applications, user engagement remains a critical challenge, limiting their
potential impact on clinical outcomes [Mescher et al. 2024]. With the advancement of
personalized medicine, which tailors care to patients based on clinical and non-clinical
factors, there is a growing demand for adaptable healthcare solutions that account for
the unique characteristics of each individual [Mendhe et al. 2024]. Personalization has
been identified as a strategy to enhance engagement in mHealth by making interactions
more aligned with individual needs [Matthews and Rhodes-Maquaire 2024]. However,
traditional personalization approaches, such as those based on fixed rules, present limita-
tions, as they do not dynamically adapt to the behavior and preferences of mHealth users
[Vandelanotte et al. 2023].

Recent advances in Artificial Intelligence (AI), particularly in Natural Language
Processing (NLP) and Generative AI (GenAI) through Large Language Models (LLMs),



have paved the way for personalization in mHealth. Conversational Agents (CA) based
on LLMs, also known as intelligent CA, can interpret and generate natural language, en-
abling more adaptive and contextualized interactions [Yang et al. 2024a]. These agents
dynamically adjust recommendations in real-time, providing continuous support and en-
hancing user engagement [Martins et al. 2024, Vandelanotte et al. 2023].

Nevertheless, challenges related to adapting to the clinical context, ensuring data
security and privacy, and evaluating the effectiveness of interactions still require further
investigation to support the development of practical solutions [Montagna et al. 2023].
In this context, the present study proposes a computational model for personalization in
mHealth based on intelligent CA. The proposed model integrates an LLM-based CA to
personalize interactions and enhance user support. This approach combines contextual
and behavioral data to adapt responses and recommendations in real-time.

To address the identified challenges, an initial model version was implemented and
evaluated within the intervention field of the mHealth application IUProst®. This appli-
cation aims to support patients experiencing urinary incontinence resulting from prostate
removal surgery (prostatectomy) due to cancer. Developed by an interdisciplinary re-
search team, the solution integrates clinical investigations with advancements in digital
technology to promote patient self-care and facilitate the execution of the clinical proto-
col. The experiment, conducted with the involvement of healthcare professionals from the
research group, assessed the coherence and semantic relevance of the responses generated
by the model, emphasizing the potential of personalization to enhance user interaction and
support.

This paper is structured as follows: Section 2 presents concepts related to per-
sonalization in mHealth, GenAI, and intelligent CA; Section 3 discusses related work;
Section 4 describes the proposed model; Section 5, in turn, presents the experiments, re-
sults, and analyses within the mHealth application context; and finally, Section 6 provides
the conclusions and outlines future directions.

2. Background

2.1. Personalization in mHealth

Personalization in mHealth applications refers to the customization of content, function-
alities, or interfaces to meet the individual needs of users [Gosetto et al. 2023]. In contrast
to the “one-size-fits-all” approach, personalization facilitates more effective and patient-
centered interventions [Rivera-Romero et al. 2023].

Personalization in mHealth has been enabled by computational techniques based
on client-server architectures, allowing the implementation of data-driven strategies
[Vandelanotte et al. 2023, Yang et al. 2024a]. Some approaches employ recommenda-
tions based on predefined profiles and fixed rules; however, their rigidity limits the abil-
ity to adapt to user changes [Anjos et al. 2024]. Predictive models based on Machine
Learning (ML) adjust interventions according to user behavior, enabling more dynamic
experiences [Vandelanotte et al. 2023].

Various data can be used for personalization, including health information, user
preferences, and environmental sensor data [Ammenwerth et al. 2023]. Studies have
explored personalization in different health-supporting areas, such as the promotion of



physical activity [Vandelanotte et al. 2023], diabetes prevention [Rodriguez et al. 2022],
mental health support [Stiles-Shields et al. 2022], among others. More recently, LLMs
have enabled the dynamic adaptation of content and interactions in mHealth, adjusting
responses in real-time through conversations [Yang et al. 2024a, Yang et al. 2024b]. Inte-
grating these techniques enhances the effectiveness of mHealth applications by providing
more personalized support.

2.2. Generative AI

Generative AI (GenAI) encompasses techniques capable of automating the creation
of various types of content, including text, images, videos, and code. In this study,
the application of GenAI is focused explicitly on text generation and comprehension
through LLMs. These models are trained on extensive volumes of textual data to in-
terpret, generate, and adapt the natural language in a fluent and contextualized manner
[Chang et al. 2024]. GPT-4, LLaMA, Claude, and Deepseek-R1 demonstrate high capa-
bilities as general-purpose chatbots providing helpful responses and agents.

Using LLMs in mHealth enables dynamic, user-tailored support, facilitating ef-
fective interactions [Montenegro et al. 2019]. However, challenges include the need for
reliable and secure responses, particularly for vulnerable patients [Goumas et al. 2024].
Algorithmic biases and the lack of clinical validation may compromise the acceptance of
these technologies, necessitating clear safety guidelines and continuous monitoring.

In leveraging the computational power of LLMs, prompt engineering has been
explored to tailor their capabilities to specific domains without retraining, a task associ-
ated with high computational and financial costs [Sahoo et al. 2024]. Techniques such as
Zero-Shot, Few-Shot, Chain-of-Thought, and Retrieval-Augmented Generation (RAG)
mitigate hallucinations and enhance the model’s ability to adapt to sensitive contexts
[Sahoo et al. 2024]. RAG integrates information retrieval with generative models, thereby
improving the accuracy of responses [Li 2024].

Integrating an LLM-based engine within an application leverages the use of au-
tonomous agents for information processing. Generative AI autonomous agents consist
of several key components. The interface component manages the input and output chan-
nels, facilitating interaction with users and external systems. The LLM component is the
agent’s “brain,” responsible for decision-making and response generation. The work-
flow orchestrates data management and task execution. Advanced components, such
as memory, knowledge base, and tools, enhance interaction by allowing the agent to
learn and refine its responses over time. Finally, the configuration component adjusts
the agent’s functionality, allowing customization to meet the application’s specific needs
[Li 2024, Qiu et al. 2024].

2.3. Intelligent Conversational Agents

Intelligent conversational agents, namely CA based on LLMs, provide dynamic support,
interpret dialogues, and interact through natural language to promote engagement and
support self-care [Vandelanotte et al. 2023].

An intelligent CA can serve as a support interface within a mHealth application,
offering personalized and continuous interactions to assist patients in managing their
health. By utilizing NLP techniques and technologies, the intelligent CA can interpret



user messages and respond contextually, guiding treatments, medication reminders, and
recommendations for healthy habits. Additionally, it can record patient-reported symp-
toms, monitor vital signs, and issue alerts to healthcare professionals in critical situations
[Montenegro et al. 2019, Martins et al. 2024].

Intelligent CA can emulate human-like dialogues, providing emotional
and informational support that sustains user engagement in well-being activities
[Martins et al. 2024]. Additionally, they can guide users through structured dialogues
focused on specific health goals, thereby enhancing motivation and adherence to self-care
practices [Wen et al. 2024]. By analyzing user data and preferences, intelligent CA can
tailor conversations to individual needs, increasing the relevance of the information pro-
vided. Although intelligent CA appears promising, ethical concerns, such as privacy and
bias in the data used for pre-training LLMs, must be adequately addressed to ensure their
safe implementation in healthcare settings [Wen et al. 2024]. A state-of-the-art analysis
by the authors of [Goumas et al. 2024] examined the use of intelligent CA in medical and
cancer contexts, suggesting that it should be employed only in specific and controlled
situations where the benefits outweigh the risks. These findings underscore the need to
carefully design, implement, and evaluate these technologies.

3. Related Work

Various approaches have been investigated for using intelligent CA to personalize
mHealth applications. The studies analyzed explore personalization with different scopes,
enhance the evolution of strategies, and the challenges involved.

The ChatDiet framework [Yang et al. 2024a] employs LLMs for personalized nu-
tritional recommendations, integrating a causal inference model with a population model
to provide general information. Although it demonstrates the potential of LLMs for inter-
pretation and interaction, its approach is limited to the nutrition domain, without extend-
ing to other aspects of self-care.

Similarly, [Vandelanotte et al. 2023] developed a digital assistant to encourage
physical activity by combining reinforcement learning and GenAI. Personalization is
achieved through an adaptive suggestion mechanism (nudge engine) and educational in-
teractions; however, using LLMs is restricted to a question-and-answer functionality, lim-
iting the potential for dynamic adaptation.

Talk2Care, presented by [Yang et al. 2024b], focuses on communication between
elderly patients and healthcare professionals, using LLMs for voice interaction and or-
ganizing clinical information. While it facilitates communication and data storage, the
system does not provide active support for self-care or personalized recommendations.

These studies demonstrate progress in incorporating intelligent CA into mHealth,
emphasizing their relevance for personalized care. However, challenges remain to be ad-
dressed, such as adapting models to the complexity of healthcare interactions, establishing
clear guidelines for clinical validation, and enhancing user trust and safety. The model
proposed in this study seeks to contribute to this advancement by integrating LLMs with
knowledge retrieval techniques and sentiment analysis, aiming to personalize interactions
within mHealth applications.



4. Proposed Model
The model proposed in this study incorporates an autonomous LLM-based agent inte-
grated into mHealth applications to process input and output during conversational in-
teractions. This approach emphasizes personalizing the user experience by combining
contextual and behavioral data sources. In addition to conversation modeling, the agent
is connected to a personalization system that leverages stored mHealth application data
and sentiment analysis. As a result, the model manages communication while adapting
responses and recommendations based on the user’s profile, aiming to provide more dy-
namic and context-aware support.

Providing personalized responses for tasks requiring empathy and analytical pre-
cision is essential in application contexts such as healthcare [Li et al. 2024]. Figure 1
presents the model for personalization in mHealth based on intelligent CA, including the
operational flow involving a mHealth application.

Figure 1. Model for personalization in mHealth based on intelligent CA.

In the proposed model, the application user communicates with the intelligent CA
of the mHealth application through the back-end. Integrated with this back-end, the Agent
Workflow receives the input information and utilizes data sources for personalization by
accessing specific information related to the mHealth application context to understand
the user better. These data sources consist of the mHealth application’s data (Database)
and the sensors it employs (if applicable), as well as the vector database (Vector DB). The
Vector DB stores the knowledge base related to the healthcare context and language mod-
els for sentiment analysis. This database supports the efficient retrieval of information,
enabling the agent to provide contextualized responses tailored to the user’s needs. The
LLM processes these data, generates a response, and maintains a memory history to offer
more personalized and coherent interactions. Below is a detailed overview of the model
components.

• User: interacts with the mHealth application to record information, receive rec-
ommendations, and manage their self-care.

• mHealth: an application available on a mobile device that facilitates communica-
tion between the user and the application’s back-end by collecting and processing
the user’s health information, including cognitive data, physical activity, and clin-
ical conditions.



• Back-end: the component responsible for processing data from the mHealth ap-
plication and managing the interaction with the intelligent CA.

• Self-care Personalization: encompasses the components used for personalization
(sensor and application data), a vector database storing the knowledge base, and
the sentiment analysis component.

• Intelligent Conversational Agent: an autonomous unit capable of performing tasks
independently, guided by specific instructions and contextual understanding.

– Agent Workflow: processes user requests and defines how to interact with
the LLM. This workflow is a pre-coded plan responsible for decision-
making.

– Memory: retains contextual information to ensure continuous and coher-
ent interactions.

– LLM: a GenAI engine that generates responses and supports the personal-
ization of interactions.

The model is supported by three essential approaches aimed at enhancing person-
alization and the efficiency of the intelligent CA’s interaction: (i) dynamic flows based
on real-time data, allowing continuous adjustments to responses according to user behav-
ior; (ii) RAG, ensuring more accurate and contextualized responses based on a specialized
knowledge base; and (iii) response adjustment according to sentiment analysis, promoting
more empathetic interactions aligned with the user’s emotional state.

The intelligent CA’s personalization relies on its ability to interpret real-time data,
including information collected from sensors (when available), application usage logs,
and user feedback. This continuous data flow enables responses and recommendations
to evolve according to the user’s needs, allowing for dynamic adjustments in the inter-
action. For example, if a patient exhibits an increased urinary frequency recorded in the
application, the agent may suggest preventive measures or recommend seeking medical
assistance. Similarly, patterns of low adherence to the rehabilitation protocol may prompt
the agent to reinforce personalized reminders or adjust the tone of the messages to en-
courage engagement. This approach enables more responsive and adaptable support for
the user’s health status changes.

The RAG approach enables the agent to consult a specific knowledge base before
generating responses, ensuring greater accuracy and contextualization. Unlike methods
that rely solely on the pre-trained knowledge of the LLM, RAG combines information
retrieval and language generation, allowing the generated content to be grounded in reli-
able sources. In the proposed model, a vector database stores medical guidelines, clinical
documents, and information related to patient self-care. During the interaction, the agent
retrieves the most relevant data and incorporates it into the LLM’s prompt, thereby reduc-
ing the risk of hallucinations and improving response accuracy. This strategy strengthens
the reliability of recommendations and enhances personalization, supporting contextual-
ized interactions and providing safe information.

The incorporation of sentiment analysis enables the agent to adjust the tone and
content of its responses based on the emotions detected in the user. By identifying signs
of frustration, anxiety, or demotivation, the agent can provide encouraging messages or
modify the type of recommendation presented, thereby making the interaction more em-
pathetic. Studies indicate that considering users’ emotional states can enhance engage-
ment and improve treatment adherence [Gandy et al. 2025]. A sentiment taxonomy was



developed with healthcare professionals to guide response generation, ensuring an appro-
priate balance between informational detail and user comprehension.

5. Experiments and Results
The experiment was conducted within the context of the mHealth application IUProst®1,
developed to provide support to patients undergoing treatment for urinary incontinence
resulting from radical prostatectomy, performed as part of prostate cancer treatment.
The application offers essential functionalities for monitoring and managing the patient’s
health condition. Through these features, the mHealth application encourages the pa-
tient’s active participation in self-care, aiming to improve quality of life and rehabilitate
urinary continence in the postoperative period. Available for download on the Google
Play Store platform, the mHealth application IUProst® has approximately one thousand
registered users [Vaz et al. 2024]. It is supported by published clinical studies demon-
strating its effectiveness [Estevam et al. 2023, Anjos et al. 2024].

The experiment involves developing an intelligent CA for the integration into
the IUProst® application, incorporating the RAG component, which utilizes a Vector
Database (Vector DB). This implementation represents a partial realization of the pro-
posed model, aimed at validating its initial version. The experimental setup includes
designing the agent’s workflow, utilizing clinical knowledge base materials from the
IUProst® application, and integrating the RAG component to enrich the contextual under-
standing, allowing the LLM to generate personalized responses. This experiment aims to
enable the preliminary evaluation of the RAG-based approach proposed in the model, as
presented in Figure 1, which depicts the interaction between the Agent Workflow and the
Vector DB. Evaluating the interactions performed by healthcare professionals is a critical
step in refining the modular components of the intelligent CA, before the full deployment
of the proposed model.

The Make framework2 was used to develop the CA. This tool enables the integra-
tion of various services and automation through external application programming inter-
faces (APIs). Using these APIs, the RAG model was configured for information retrieval
from the knowledge base, user communication via WhatsApp, and the implementation
of the Llama 70B. In configuring the intelligent CA, three main prompts were employed:
one for the classification task, another to refine and enhance the response retrieved by
the RAG, and a third for the direct generation of responses. The latter was designed to
address general patient inquiries unrelated to treatment, utilizing a logical prompt that
did not require few-shot learning. This architecture enabled the dynamic generation of
contextualized and relevant responses tailored to the clinical domain of the intelligent
CA.

Eight healthcare professionals specializing in urinary incontinence participated in
the experiment, which was conducted in November 2024. The interactions were carried
out via WhatsApp, utilizing an intelligent CA designed to provide information based on a
knowledge repository focused on the treatment of urinary incontinence and prostate can-
cer. The primary objective of this phase was to evaluate the coherence and relevance of
the model’s responses, ensuring their alignment with clinical needs and their effectiveness

1Approved by the Research Ethics Committee of the University IUProst®, approval number -.
2Available at: www.make.com



in supporting patient care. Figure 2 presents the original interface (with dialogues in Por-
tuguese) and illustrates two interactions between the CA and the healthcare professional.

Figure 2. Interactions in Portuguese with the intelligent CA.

The dataset analyzed comprises 40 frequently asked questions posed by patients
regarding urinary incontinence following prostatectomy. These questions were formu-
lated based on typical interactions with healthcare professionals and clinical reference
materials on the subject. The responses generated by the CA were then compared to ref-
erence answers extracted from academic sources and clinical guidelines provided by the
project’s clinical team.

The evaluation of the proposed model requires a comprehensive approach that
balances technical performance, usability, personalization, and clinical safety. While us-
ability is a crucial factor for the success of mHealth applications utilizing conversational
agents (CAs), a clear standard procedure for assessing the usability of health-related CAs
has yet to be established [Denecke and May 2022]. Therefore, systematically analyz-
ing response quality, user engagement, and clinical reliability is essential to ensure the
model’s effectiveness and safety [Deniz-Garcia et al. 2023].

Thus, the BERTScore metric (Precision, Recall, F1-Score), which measures the
semantic similarity between the responses generated by the intelligent CA and a set
of reference responses [Zhang et al. 2019], was employed to assess the quality of the
CA’s outputs. Unlike traditional metrics such as BLEU and ROUGE, BERTScore
leverages contextual embeddings to capture the semantic proximity between responses
[Chuayrod et al. 2024], making it more appropriate for evaluating coherence and accu-
racy in specialized domains like urinary incontinence and post-prostatectomy.

The average F1-Score obtained for the set of responses was 0.89, indicating a
high semantic similarity between the responses generated by the intelligent CA and the
reference responses. Figure 3 presents the distribution of the F1-Scores for the analyzed
responses. The analysis of this distribution reveals that most responses with scores above
0.88 are semantically aligned with the references. Responses with scores ranging from
0.85 to 0.87 suggest some omission of terms or variations in terminology. Scores be-
low 0.85 correspond to responses that may exhibit incompleteness or reformulation that



partially alters the intended meaning.

Figure 3. F1-Score Distribution.

In addition to the quantitative analysis, a qualitative examination of selected re-
sponses generated by the intelligent CA was conducted with the support of a healthcare
professional from the clinical team. The qualitative analysis revealed that the intelligent
CA was able to provide appropriate responses in the interactions analyzed, particularly
when the knowledge base contained detailed and accurate information. One example of
such an interaction is as follows:

Question: When will my urinary incontinence go away?

Answer: Urinary incontinence after prostatectomy varies from person to person.
Some patients regain continence within a few months, while others may take longer. The
main treatment approaches include behavioral interventions, medications, and, in more
severe cases, surgical procedures. Since each case is unique, it is essential to follow
the guidance of a healthcare professional for personalized support. Are you feeling any
better? Would you like to discuss this further?

On the other hand, when questions lack sufficient contextual information, it was
observed that the CA might generate generic, incomplete, or incorrect responses. The
following interaction illustrates this issue:

Question: Where are the pelvic floor muscles located?

Answer: The pelvic floor muscles.

In this case, the response is imprecise and lacks the necessary anatomical detail
and contextualization with the topic under discussion, which may compromise the user’s
understanding. Similarly, in more specific inquiries, the response presents an evidence-
based technical recommendation that is accurate and useful. However, it is noted that
this response could be enhanced through a more personalized and empathetic approach,
considering factors such as the user’s level of understanding regarding the exercises, po-
tential difficulties in execution, and the emotional impact of the rehabilitation process.
The following interaction illustrates this issue:

Question: How many exercises should I do?

Answer: 15 to 20 Kegel exercises per set, three sets a day.



The quantitative analysis indicates that the majority of responses achieve an F1-
Score above 0.88, highlighting the CA’s ability to generate semantically accurate replies.
However, some inconsistencies suggest limitations in the contextual retrieval and response
generation process of the LLM, emphasizing the need for further improvements to the
RAG model.

The qualitative analysis complemented this evaluation by uncovering nuances that
could not be fully captured through quantitative indicators alone. The intelligent CA
showed satisfactory performance when delivering contextualized responses, particularly
when the knowledge base contained detailed information, as seen in interactions involving
explanations of the therapeutic approaches. However, the responses were often generic,
incomplete, or inaccurate for vague questions or those with limited contextual informa-
tion. This highlighted the CA’s reliance the quality of input to generate accurate responses,
which raises concerns regarding the characteristics of the target audience interacting with
mHealth applications.

Furthermore, while certain technical responses are accurate and evidence-based,
they could benefit from a more empathetic and personalized approach. For example,
exercise recommendations could be enhanced by including information tailored to the
user’s knowledge level, execution challenges, and the emotional impact of the treatment.
These findings suggest that incorporating mechanisms to adjust the language and tone
of responses according to the user’s profile may improve the overall user experience and
promote a higher level of engagement.

6. Conclusion
This study proposed a computational model for personalization in mHealth applications
based on intelligent CA. The model integrates data from mHealth applications, informa-
tion retrieval from a specialized knowledge base, and sentiment analysis to enhance user
interaction. A partial implementation of the model, focusing on the RAG component, fa-
cilitated the evaluation of the LLM’s ability to generate coherent and contextually relevant
responses to support patients experiencing urinary incontinence following prostatectomy.

The evaluation of the proposed model requires a comprehensive approach, bal-
ancing technical performance, usability, personalization, and clinical safety. Although
usability is a key factor for the success of intelligent CA in mHealth, there is no consoli-
dated standard protocol for its assessment yet [Denecke and May 2022]. Additionally, re-
sponse quality, user engagement, and clinical reliability must be systematically analyzed
[Deniz-Garcia et al. 2023]. The model validation involves evaluating automated tests to
measure response accuracy and contextual adaptation; engagement metrics to assess user
adherence and user experience; and a clinical review to ensure that the agent’s recommen-
dations align with medical guidelines, thereby minimizing the risk of providing incorrect
information.

The quantitative experiments demonstrated that the intelligent CA achieved a high
level of semantic similarity with the reference responses. Concurrently, the qualitative
analysis revealed that the responses were more accurate when the knowledge base con-
tained detailed information. Limitations were also identified, such as generating generic
responses to questions with limited contextualization. These findings highlight the impor-
tance of active collaboration with the clinical team and suggest that the model should be



continuously refined based on evaluation results, fostering iterative optimization cycles.

The initial results reinforce the model’s potential to deliver more personalized and
humanized support within mHealth applications. Moving forward, the next steps of this
research involve implementing the components responsible for the agent’s workflow and
integrating mHealth application data, sensors, and sentiment analysis. These enhance-
ments aim to improve the dynamic adaptation of responses and the personalization of
interactions. Furthermore, a more comprehensive evaluation will be conducted, incorpo-
rating engagement and usability metrics to validate the solution’s effectiveness within the
clinical context.

In light of these findings, opportunities for refining the model have been identi-
fied, underscoring the importance of including the subsequent components that address
the recognized needs. These improvements could significantly strengthen the role of con-
versational agents in rehabilitation and self-care support within mHealth applications,
thereby promoting patient well-being and encouraging adherence to treatment protocols.
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