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ABSTRACT

Not being active enough is a global health problem, and the fitness apps that are out there at
the moment don’t give guidance that’s personalized, safe and interesting enough. The thing
with recommender systems at the moment is that they’re either really secure but a bit boring,
or fun but a bit unreliable. This paper proposes and evaluates a neuro-symbolic framework
embedding the logical consistency of ontology-based reasoning into the conversational fluency
of large language models. At the core of this research is a controlled comparative experiment
between a baseline model, Gemma3-Ground, and the proposed model, Gemma3-Chase, fine-
tuned on a corpus containing explicit, inferred reasoning traces generated by SWRL rules.
A multi-faceted evaluation performed using 20 synthetic user profiles showed that Gemma3-
Chase consistently outperformed Gemma3-Ground significantly across key metrics, especially
on effectiveness, semantic relevance, and groundedness. The neuro-symbolic model also had
a much smaller standard deviation, pointing to its high reliability. The study validates the
embedding of logical reasoning into the fine-tuning process of LLM as an effective method of
constructing conversational recommender systems that are trustworthy and engaging for the
health and wellness domain.

KEYWORDS
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1  INTRODUCTION

One of the most significant risks to global health and a major risk factor for
non-communicable diseases is physical inactivity [1]. Although the need for regular
exercise is widely recognized, long-term adherence remains low, in part because
there is a lack of coaching that is properly tailored to each individual’s specific phys-
iological and medical profile [2]. Digital fitness platforms have tried to address this
through the use of recommender systems (RS). However, most of them are still based
on generic filtering and single-interaction approaches [3]. Such systems sometimes
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fail to capture complicated user preferences by offering one-size-fits-all regimens
that can even be detrimental, such as recommending the same weight-loss program
to users with cardiovascular concerns and to those with knee injuries [4].

These issues with safety and personalization led to the development of
ontology-based recommender systems (OBRS). By making use of organized subject
knowledge, an OBRS can make medically sound suggestions, make sense, and can
be explained [S]. Recent developments pertaining to making people more involved
include the use of conversational recommendation systems that utilize large
language models. These conversational tools let users have natural, user-centered
conversations with what feels like a personal coach. Most often, generic large
language models (LLMs) have many problems concerning factual accuracy, such as
hallucinations and inconsistencies [6].

There are some new developments that are making it easier for people to get
involved, such as using LLMs for conversational recommendation systems. These
tools let you have natural, user-centered conversations with what feels like a
personal coach. Generic LLMs often have factual accuracy issues, such as hallucina-
tions and inconsistencies [7].

This contrast shows a big problem with Al-driven fitness advice: OBRS are safe
but not very flexible, while CRS are interactive but not always reliable. On their own,
neither paradigm makes a digital assistant that works well and is trustworthy [8].
So, we need a single framework that combines symbolic reasoning for safety with
neural adaptability for fluency in conversation [9].

Neuro-Symbolic Al embeds the flexible pattern recognition of Neural Al with
the logical reasoning of Symbolic Al [10]. That is a good linking of these two forms
of AL In this work, an ontology is used to keep the ideas we present safe, consis-
tent, and easy to understand. An ontology is a set of facts, rules, and limits. With
the addition of the reasoning traces and semantic forecasts from a physical health
ontology and semantic web rule language (SWRL) rules, this approach provides an
LLM with a superior method. This approach provides better reasoning and realizes
why a particular plan works for a given individual and suggests the best workouts
for that person.

This work relies on this framework and is guided by the following research ques-
tions: RQ1: Does fine-tuning an LLM on explicit logical reasoning traces from an
ontology significantly improve recommendation quality, safety, and personalization
compared with only fine-tuning on factual outcomes? RQ2: How does the pro-
posed neuro-symbolic model, Gemma3-Chase, compare with the baseline model,
Gemma3-Ground, on key metrics including semantic relevance, effectiveness, and
groundedness?

2 RELATED WORK
2.1 Safety and explainability in recommender systems

Traditional data-driven methods for recommendation, such as collaborative
filtering (CF) and content-based filtering (CBF), have limitations, prompting research
into more robust recommendation paradigms [11]. Though powerful, these methods
possess several critical problems, such as the cold-start problem (i.e., inability to rec-
ommend new users or items) and data sparsity (which reduces recommendation
performance) [12, 13]. When it comes to high-stakes areas such as health, they’re
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missing out on transparency and safety because they’re like a “black box.” If you can’t
understand or trust a recommendation, it could have life-or-death consequences.

To solve these issues, the field of RSs has shifted towards OBRS [14]. An ontol-
ogy is a formal, explicit specification of some areas of concerned concepts (domain)
and the relations among them. For example, there are ontology-based systems that
utilize OWL and SWRL rules to recommend appropriate anti-diabetic drugs based
on clinical guidelines [15]. It is this knowledge base that allows an OBRS to rea-
son over its previous recommendations using personalized contextual information
from the first interaction onwards to provide safe and sterile guidance from then on.
A typical example of this hybrid approach is an ontology-based cardiovascular
disease classifier. Therein, logical rules were extracted from a Decision Tree model
and inserted into the ontology through SWRL. The ontology model was compared to
seven machine learning classifiers to show that the combination of machine learning
rules with symbolic reasoning resulted in better-quality results but also underlined
the advantages of interpretability and structured knowledge [16]. This symbolic
approach leads to verifiable, understandable and trustworthy recommendations.
However, it introduces new challenges such as a stiff, unnatural user experience
that leads to low engagement, and the knowledge acquisition bottleneck is the hard
process of creating an ontology [17].

2.2 Conversational recommender systems and large language models

Yet, being fluent in a conversation makes it challenging to be reliable. In critical
domains such as health, generic LLMs are not reliable for most often they have
logical or factual difficulties [18]. Two different technical approaches have been
explored so far by researchers to circumvent this problem. One involves fine-tuning
the model with an increase in internal knowledge. Another is based on the ground-
ing of models with external data by using a technique known as retrieval-augmented
generation (RAG).

Where fine-tuning on domain-specific data improves accuracy, performance
remains dependent on the quality of the training data alone [19]. With the acquisition
of current data from a reliable source, however, RAG has shown its ability to ensure
factual accuracy. A study concerning laptop recommendations has also identified
that combining RAG with a superior GPT-4 model yields highly relevant and accu-
rate recommendations. These suggestions are derived from an external product
database [20]. Both strategies improve factual accuracy, but neither always teaches
logical reasoning. Instead, they raise a more basic question that this study aims to
answer: how can we build a dataset that teaches an LLM not just facts, but also the
logic of a domain critical for safety and causality?

2.3 The synthesis: Neuro-symbolic Al as the bridge

Neuro-symbolic Al has emerged to resolve the conflict between data-driven
neural systems and logic-based symbolic systems, aiming to create a synthesis that
leverages the strengths of both [21]. Current research follows two main integration
strategies:

1. Modular, Pipeline-Based Integration: This approach uses an LLM as a natural
language interface to translate queries into a formal language, which a separate,
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external symbolic reasoner then processes. The LLM acts as a translator and not
as a reasoner [22].

2. Integrative, Fine-Tuning Integration: This approach tries to incorporate domain
knowledge and reasoning abilities into the LLM’s parameters themselves by
fine-tuning them on high-quality, structured corpora generated from symbolic
systems. It is a question of “teaching” the LLM so that it internalizes domain logic.

This study follows the integrative approach, which provides a strong precedent
for our proposed methodology.

2.4 Synthesizing the research gap

This review shows a clear trajectory from data-driven systems to safe-but-rigid
symbolic systems, OBRS, and then to engaging-but-unreliable neural systems, CRS.
While the neuro-symbolic paradigm offers a bridge, how exactly to achieve inte-
gration is still an evolving matter. This work positions itself along the integrative
path and addresses a very important, largely unexplored area. More precisely, the
literature still lacks a study that:

e Systematically captures and transforms the explicit, step-by-step logical reason-
ing traces from an ontology into a conversational fine-tuning corpus.

e Empirically investigates whether an LLM fine-tuned to mimic this reasoning pro-
cess outperforms a baseline model fine-tuned only on the final factual outcomes.

e FEvaluates this comparison across metrics covering both logical consistency
(safety, explainability) and conversational quality (engagement, personalization).

This study addresses this gap by testing the hypothesis that training an LLM to
perform logical reasoning yields superior recommendations compared to training it
solely on factual outcomes.

3  RESEARCH METHODOLOGY

This work investigates, through an experimental comparative design, the effec-
tiveness of a neuro-symbolic approach to conversational fitness recommendation.
The central objective was to establish whether embedding explicit logical reason-
ing within the fine-tuning process of an LLM yields higher quality and safety in
recommendations, compared with training on only factual data. Two models were
developed for this purpose:

1. Gemma3-Ground (Baseline Model): Fine-tuned on a corpus of asserted, non-
inferred facts extracted directly from the ontology

2. Gemma3-Chase (Neuro-Symbolic Model): Fine-tuned on a corpus enriched
with inferred facts along with explicit reasoning traces generated by means of
SWRL rules

In this experiment, the composition of the dataset (reasoned vs. non-reasoned

knowledge) is an independent variable, whereas dependent variables include some
of the key qualitative metrics: explainability, groundedness, semantic relevance,
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and effectiveness. Figure 1 presents the general conceptual

two parallel fine-tuning pipelines utilized in the study.

framework, with

Knowledge Base
Engineering

Fine-Tuning
Data Generation

Pellet Chase Chase
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Model
Fine-Tuning
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SWRL Rules
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Fig. 1. The flowchart of system design

3.1 Knowledge-based and reasoning engine development

Ontology development. The construction of the fitness ontology followed estab-
lished knowledge engineering principles [23]. Its scope was specified by a set of
Competency Questions (CQs), which were intended to cover the core reasoning tasks:
applying safety constraints, making goal-oriented recommendations, and handling
combined conditions. Knowledge from the domain was gathered from authorita-
tive sources such as the American College of Sports Medicine (ACSM) and the World
Health Organization (WHO) [24], from expert input, and from other medical ontolo-
gies. The resulting structure, illustrated in Figure 2, defines classes such as Exercise,
FitnessGoal, and MedicalCondition, object properties such as isRecommendedFor and
hasContraindication, and data properties such as durationMinutes and repetitionCount.

FitnessGoal MedicalCondition WorkoutCategory RestDay
i i
WorkoutEnvirontment '——] hasGo basMedicalCondiion nasSubclass hasSubclass
| SES—
Person WeeklyPlan DayPlan
or o HhasDayPran- : —isForDay—» Day
FitnessLevel hasFitnessLevel
containsExercise hasSubclass
StrengthExercise
—»
WorkoutD: Session
MuscleBodyPart Exercise — A
hasSubclass CardioExercise
requresEquipment hasSubclass hasSubclass hasSubclass
¥
Equipment WarmUpSession MainSession CoolDownSession

—> = relationship

Fig. 2. Ontology diagram for the workout recommender system

82 International Journal of Online and Biomedical Engineering (iJOF)

iJOE | Vol. 22 No. 1(2026)


https://online-journals.org/index.php/i-joe

Fitness
Ontology

—

A Neuro-Symbolic A Approach for a Conversational Workout Plan Recommender System

This diagram illustrates how user profiles, goals, and medical constraints interact
using SWRL rules to ensure safety and alignment with goals while recommending
exercises.

SWRL rule integration and validation. The expert-defined rules were then
encoded in SWRL to logically infer and, if possible, automatically validate them.
For this purpose, the Pellet reasoner was used because of its strong native sup-
port for SWRL [25]. Logical consistency was checked by Protégé’s reasoner checks
and SPARQL queries [26]. For example, a safety rule states that in case of a user
having a contraindicated medical condition, the particular exercise is automati-
cally excluded:

User(?user) A hasMedicalCondition(?user,? condition)
A Exercise(? exercise)
A hasContraindication(? exercise,? condition)

— isNotRecommendedFor(? exercise, T user)

This validation confirmed that the ontology could enforce constraints and pro-
duce reliable inferences for fine-tuning dataset generation.

3.2 Neuro-symbolic fine-tuning pipeline

The pipeline transforms symbolic knowledge into natural language corpora
appropriate for the fine-tuning of both models, as illustrated in Figure 3. For each
simulated user profile, two pathways were used:

o Asserted Facts Path: Generates direct factual triples for the Ground Corpus.
¢ Inferred Reasoning Path: Executes SWRL rules to generate both outcomes and
step-by-step reasoning traces for the Chase Corpus.

The verbalization is typically done by a Domain Glossary, which maps the logical
predicates into human-readable templates such as “User A has a knee injury.” This
ensures that consistent, high-quality linguistic conversion between symbolic logic
and natural language is always performed.

SWRL Rule
Fine-Tuned LLM

1J0E | Vol. 22 No. 1 (2026)

Domain
Glossary

Fine-Tuner

Ontological ‘ Chase
Reasoner ‘ Generation
—>/Verbalized Plan /——» oL
/ / Generator
/
e Plan .
» Gene ation —> Verbalizer — !
T > Verbalized Chasg ‘Tokenlzed Corpus
/ /
/ Fine-Tuning /| - / Pre-processing &
4 5 [P E—
Corpus ) 4—‘_ Filtered Corpus | Mapping

Fig. 3. Neuro-symbolic fine-tuning pipeline
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The pipeline essentially turns ontological reasoning into structured conversa-
tional data. We know that we will get explicit traces of reasoning in the Chase corpus,
while in the Ground corpus, we have only factual assertions.

Data generation. The heart of the fine-tuning process is a pipeline that converts
the knowledge from the ontology into structured data. So, for each user profile we've
set up, the pipeline works through two different routes. This is a methodological
choice that we made to isolate the variable of logical reasoning. The first route
extracts Asserted Facts, which are things that are known straight away, such as a
user’s stated goals (hasGoal(user1, WeightLoss)) and medical conditions (hasMedi-
calCondition(user1, Kneelnjury)). These are straight from the ontology. This dataset
is the real deal and is the foundation for the baseline Ground Corpus. The second
route generates Inferred Facts by first running the SWRL reasoner on the same set
of asserted facts. The reasoner’s output, which includes the final recommendation
and the step-by-step logical reasoning trace (the Chase), forms the knowledge for
the neuro-symbolic Chase Corpus. This strict separation means that the only differ-
ence between the two final corpora is the presence of explicit, machine-generated
reasoning.

Verbalization and corpus creation. One important step in the pipeline is
Verbalization, which changes these structured, symbolic outputs of both pathways
into fluent natural language that’s suited to fine-tuning of LLM. The whole thing is
guided by a Domain Glossary. We use this dictionary as a kind of “semantic contract.”
Every logical predicate from the ontology is mapped to one and only one pre-defined
text template. For example, (e.g., hasMedicalCondition(?p,?c) is always translated
to “user {p} has medical condition {c}”). This means the translation is consistent,
controlled, and fully automated, preventing the LLM from learning inconsistent or
ambiguous terminology. This systematic translation constitutes the bridge between
the formal, symbolic world of the knowledge base and the fluid, neural world of the
language model, providing high-quality reliable training data.

Corpus generation. Final fine-tuning corpora are generated in a two-phase
process inspired by the “lifting” technique, a method explicitly chosen for efficiency
and to ensure data privacy [22]. In the first, one-time phase, a powerful LLM
(Gemma3) is used to generate a rich, reusable library of prompt templates from these
abstract, verbalized rule structures. Since the system operates on these abstract tem-
plates, it avoids expensive, repeated API calls for every data point. These templates
are automatically instantiated, in the second phase which repeats, with the concrete,
verbalized data of each reasoning trace. For example, a single abstract template
“Explain why it is not recommended to do {exercise} for {user}” can be instanti-
ated with hundreds of different user-exercise pairs. This automated process creates
thousands of high-quality, contextually aligned (prompt, response) pairs, tailored for
a variety of conversational tasks such as Q&A, Explanation, and Recommendation—
thus constituting the final datasets used to fine-tune the models.

Model training. Both models have been fine-tuned from the identical pre-
trained base model, Gemma3 [27], using LoRA (Low-Rank Adaptation) [28] within
the Unsloth framework [29]. This setup ensures high parameter efficiency without
full retraining. The only experimental difference between the two models is the fact
that one was fine-tuned on logical reasoning corpora; thus, they allow for a direct,
controlled comparison. Training hyperparameters (batch size, learning rate, and
epochs) were kept identical for both models to isolate the effect of logical reasoning
on performance.

Evaluation methodology. A multi-faceted evaluation was then designed in order
to test both the logical soundness and conversational quality, as illustrated in Figure 4.
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Twenty synthetic user profiles were constructed to reflect a diversity of fitness
scenarios (e.g., user profiles with medical restrictions or those having only limited
equipment). Each such profile underwent identical multi-turn dialogues with both
models, simulated via a standardized LLM interface using GPT-4o0-mini as the con-
sistent user emulator [30].

An independent model (Gemma-1B), “LLM-as-Judge,” acted as an evaluator
to evaluate responses on a five-point Likert scale across nine metrics including
explainability, groundedness, and semantic relevance [31]. A random 15% sample
was checked by people to make sure the scores were all the same.

Interaction

Recommended Items

CRS

® | W
a

Simulated
User

1 want to start exercising. But | have a history of heart
problems and get tired easily. Where should | start
|safely?

We can start with Bght and safe exercises like a relaxed
walk or sealed exercises. Focus on breathing and slow
movements for flexibility

1 ke doing small movements while watching TV. Can you
suggest only seated exercises?

Of course. You can do seated leg extensions, shoulder
strelch exercises, and squeeze a small ball between
your knees while siting. Just 15 minutes per day is a
good start

Saya ingin tahu kenapa latihan ini cocok untuk saya?

Karena latihan ini berintensitas rendah, aman untuk
pengguna dengan kondisi jantung, dan membantu
memperkuat ofo! lanpa tekanan beral

« Seated Leg Extensions
« Seated Knee Lifts

* Chair Marching

* Seated Forward Fold

* Deep Breathing with
Arm Stretch

« Shoulder Rolis O
* 10-Min Walk Indoors
« Side Taps (standing
with support)

« Arm Swings

Muliti-turn Conversation Log

LLM Evaluator

|
|
|
A : |
Effectiveness |
-~ | |
Output |
Semantic |
| Relevance ‘ |

9 of 12 Dimensions Evaluation
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Fig. 4. Evaluation pipeline using the LLM-as-Judge Approach

Figure 4 shows how the model’s outputs are evaluated. This is done by using an
independent LLM to score the quality of the dialogue, and then having a human
check the results to make sure everything is correct.

To make the methodology clearer, all the training scripts for the models, the
ontology schema, and the evaluation prompts have been documented and made
available in an open repository upon request. This is done so that we can be sure of
how things will turn out, and it means that we can add to the framework in other
areas, such as education or healthcare that aims to prevent problems, in the future.

4  RESULT AND DISCUSSION
4.1 Knowledge base validation

Before the experiment, we checked that the ontology and the SWRL rule base
were both logical and complete. The Pellet reasoner confirmed that the ontology
was consistent and that all the classes were satisfied. Furthermore, the SPARQL
queries were answering all the Competency Questions posed during the design of
the ontology, which showed that both asserted and inferred knowledge was acces-
sible and reliable.

The competencies that were confirmed include the following:

e CQ1 (Safety Constraint): Identified exercises contraindicated for certain
medical conditions

¢ CQ2 (Goal-Oriented Recommendation): Recommended exercises suitable for
particular fitness goals
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¢ CQ3 (Combined Constraints): Generated recommendations combining several
contextual conditions, such as working out at home without equipment.

¢ CQ4 (Workout Plan Generation): Created weekly exercise plans based on user
goals and medical profiles

The successful execution of such queries was confirmation that the reasoning
engine could safely infer and generate valid recommendations, thus forming a
robust foundation for fine-tuning datasets of both models.

4.2 Quantitative evaluation

The primary evaluation was performed through multi-turn dialogue simulations
across 20 synthetic user profiles, with the Gemma-1B model acting independently as
the LLM-as-Judge. Manual consistency checking on 15% of the data yields a strong
Pearson correlation between automatic scores and human judgment, confirming
that the LLM evaluator is reliable. The results are summed up in Table 1 and reflect a
steady and significant gain of the neuro-symbolic Gemma3-Chase model for almost
all the metrics.

Table 1. Evaluation result given by Gemma-1B (Mean + Std. Dev.)

Metrics Gemma3-Chase (Neuro-Symbolic)  Gemma3-Ground (Baseline)
Semantic Relevance 3.25+0.72 2.35+142
Coherence 3.10+£1.22 2.70£1.52
Appropriateness 4.00+0.00 3.90+0.44
Effectiveness 3.48 £0.68 3.15+0.63
Diversity 3.20+£0.86 320+0.93
Explainability 3.15+£0.36 3.09+0.18
Groundedness 2.70 £ 046 2.50£0.99
Recoverability 3.48+0.90 3.00+0.32
Grammatical Correctness 2.70 £ 046 2.50£0.99

Note: Bolder values indicate superior performance.

To check the validity of this observation, an independent sample t-test was
performed with N = 20 in each group. Indeed, the analysis for SR at p = 0.013 and
Recoverability at p = 0.03 showed statistical significance. Other important metrics
were Effectiveness at p=0.12 and Groundedness at p = 0.41, and though they repre-
sent a positive trend for Gemma3-Chase, this difference was not statistically signif-
icant at p > 0.05 with the given sample size. This analysis thus formally establishes
that the neuro-symbolic model serves a demonstrably more relevant and robust
conversational experience.

The quantitative findings strongly support both research hypotheses: the
Gemma3-Chase model outperforms on logical consistency metrics, including
groundedness and coherence, and on personalization metrics, including semantic
relevance and effectiveness.
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A key finding lies in the difference in reliability. For example, Gemma3-Ground
displayed almost double the standard deviation of Gemma3-Chase on SR and
groundedness, indicating more erratic performance. The reasoning traces in the
Chase corpus, on the other hand, act as cognitive barriers that direct the LLM to
provide more reliable and consistent results.

The most significant enhancements were observed in personalization metrics: a
38.3% increase in SR and a 10.5% increase in Effectiveness. This shows that when
the model understands “why” something is recommended, it produces responses
that are factually correct and contextually superior. Conversely, Explainability saw
only a minor improvement of 1.9%, which means that while a baseline LLM is able
to mimic the style of an explanation, the neuro-symbolic approach ensures that the
substance of the explanation remains logically valid and factually well-grounded.

4.3 Qualitative evaluation

A qualitative analysis of the selected dialogue scenarios supports the practical
relevance of the quantitative results.

e Case Study 1: Medical Constraints. In the case of knee pain, Gemma3-Chase
advised on the use of only low-impact exercises and instructed the subject to
avoid high-impact movements. On the other hand, Gemma3-Ground gave a
generic response that included running, which can be harmful to the subject,
hence failing to apply the critical safety constraint.

e Case Study 2: Combined Constraints. Gemma3-Chase provided the user
with a proper bodyweight circuit for the goal of muscling up at home without
equipment. Meanwhile, Gemma3-Ground ignored the environmental and equip-
ment constraints and her advice included barbell exercises which were not
performable by the user, making her advice ineffective.

5 CONCLUSION AND RECOMMENDATIONS
5.1 Conclusions

The motivation for this research was a critical dilemma in the domain of
conversational recommender systems: a trade-off between symbolic systems that
are safe but rigid and neural systems that are engaging yet unreliable. The research
designed, implemented, and evaluated a neuro-symbolic framework that synergizes
the strengths of the two paradigms to bridge this gap. At its core, the current study
develops a controlled experimental comparison between two models: the baseline
model, Gemma3-Ground, fine-tuned on non-reasoned factual data, and the pro-
posed neuro-symbolic model, Gemma3-Chase, fine-tuned on an enriched corpus
with explicit logical reasoning traces from the fitness ontology.

The quantitative analysis from the LLM-as-Judge was combined with qualitative
insights from researcher review to yield three key conclusions:

1. Embedding Logical Reasoning Significantly Enhances Recommendation

Quality. Strong empirical evidence has been given by the results that the
Gemma3-Chase model consistently outperforms the baseline. By integrating
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symbolic reasoning, the model achieved clear improvements in personalization,
contextual relevance, and factual accuracy—confirming that teaching an LLM
why a recommendation is correct is more effective than simply teaching it what
to recommend.

2. The Neuro-Symbolic Approach Is More Reliable. Besides the increased
performance, the model Gemma3-Chase yields much lower variances in metrics,
hence being far more reliable. Anchoring the LLM around logical rules greatly
reduces the possibility of unsafe and/or erratic responses, further adding a layer
of trustworthiness.

3. The Proposed Framework is a Validated Proof-of-Concept. The proposed
framework is a validated proof-of-concept. The knowledge base validation and
evaluator consistency checks confirm that the research methodology supports
the proposed neuro-symbolic pipeline as a robust and effective approach to build
more intelligent and reliable conversational recommender systems.

It indicates that the integration of ontologies’ structured, verifiable knowledge
and the generative fluency of LLMs implies a resolution in terms of the trade-offs
that exist, thus allowing the engineering of conversational systems that could be
explainable, personalized, and reliable.

5.2 Limitations of the study

The study confirms the proposed paradigm, but specific limitations should be con-
sidered when interpreting the results. The evaluation focused on 20 profiles of users,
but a LLM operating in a simulated environment does not come close to capturing
the complexity of real human-to-human interaction. Besides that, the study focused
on measuring the quality of the output rather than metrics of sustained behavioral
changes, such as user engagement or improvements in health. In summary, the
present study is subject to resource limitations in three main aspects, including the
processing power constraints, the limited professional advice, and the small size of
the employed data. These limitations will allow for further studies at a larger scale.

5.3 Recommendations

On the basis of observations and their limitations, we can make the following
suggestions:

1. Move to a user-centric evaluation model. The subsequent pivotal stage is
to undertake a controlled user study with actual participants, thereby ensuring
that Artificial Intelligence (AI) garners trust through evidenced reliability, user
satisfaction, and sustained engagement.

2. It is imperative to pursue cross-domain adaptation in other sensitive,
rule-driven fields. The success of this framework underscores its potential
for applicability to analogous domains. It is recommended that future research
explore the potential for extending this approach to areas such as personalised
education, financial advisory systems and preventive healthcare.
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