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ABSTRACT

Diagnosis of heart disease is a procedure that requires fast, accurate predictions and conventional fixed machine
learning (ML) pipelines may not fully accommodate. Although models, such as Logistic Regression and Naïve Bayes are
effective on structured clinical data however they do not have self-assessment or adaptive reasoning mechanisms. In this
work, we present an agentic AI framework that turns the classical models into self-evaluating diagnostic agents managed
by a performance conscious supervisory component. We trained and tested the system on the UCI Heart disease dataset
over three different splits (70:30, 80:20, 85:15) to test its diagnostic stability with respect to data availability. The Logistic
Regression model had the best overall (up to 85% accuracy) and F1-score performance across the experiments, while
Naïve Bayes outperformed in recall for heart disease cases, indicating its beneficial use in sensitivity- oriented tasks. In
each situation the supervisory agent automatically selected the superior model, demonstrating that agents can coordinate
with one another even at relatively low levels of complexity. This work mediates interpretability with accountability
by the construction classical models in a simple self-contained framework for a reliable transparent diagnosis without
any additional computational effort. Conclusion: Agentic supervision may be the key to taking classical algorithms and
developing them into scalable intelligent decision support tools for real-world cardiovascular care.

Keywords: Agentic artificial intelligence, Heart disease diagnosis, Clinical decision support, Logistic regression, Naïve
Bayes

1. Introduction

Cardiovascular diseases are the leading cause of
death worldwide; therefore, early and accurate heart
disease diagnosis represents a significant challenge in
contemporary healthcare [1, 2]. Diagnosis in clinic
usually relies on the analysis of other physiological
and diagnostic indexes, which is time-consuming and
human subjective [3, 4]. As a result, data-driven ML
methods are increasingly sought after as promising
methodologies for assisting in implicit, automated
and unbiased cardiovascular disease diagnosis [5].
Classical ML methods like Logistic Regression and

Naïve Bayes are used in heart disease prediction
depending on the interpretability, computational effi-
ciency and clinical transparency [6]. Although these
models achieve impressive results, most previous
work has depended on static learning pipelines with
isolated classifiers and lack self-evaluation or coordi-
nation mechanisms [7]. These methods compromise
robustness and reduce the clinical utility of intelligent
diagnostic systems in real-world clinical environ-
ments. The agentic artificial intelligence (AI) was
introduced recently as the paradigm, which sup-
ports autonomy and situational awareness of perfor-
mance at agents with ability to make decisions in an
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interacting community of intelligent agents [8, 9].
In the medical diagnosis setting, agentic AI provides
diagnostic systems with abilities to evaluate model
behavior autonomously as well as compare perfor-
mance results and provide decision support reasoning
[10]. But what has been under-investgated is the fu-
sion of agentic AI principles with such interpretable
classical ML models for heart disease diagnosis [11].
In this study, agentic AI refers to an autonomous diag-
nostic framework in which machine learning models
function as diagnostic agents, while a supervisory
agent evaluates their performance and coordinates
the final decision, rather than merely selecting a
model through a static comparison process [12]. To
this end, this study presents an agentic AI frame-
work for heart disease classification that incorporates
several autonomous diagnostic agents and a supervi-
sory decision mechanism. This study employs Logistic
Regression and Naïve Bayes models as independent
diagnostic agents, and use a supervisory agent to
assess their performance over several train–test set-
tings for autonomous and reliable decision-making.
This in turn provides greater diagnostic robustness
and transparency without a corresponding increase
in system complexity. The proposed approach is also
tested on the UCI Heart Disease dataset with differ-
ent levels of data split [8, 13]. The performance is
consistent with good generalization, as we see from
our experimental results by both the accuracy, loss,
ROC analysis along with confusion matrix. It pro-
poses an agentic diagnostic system based on classical
models, devises a performance-oriented supervisor
module, and elaborates results supporting intelligent
heart disease diagnosis. However, existing heart dis-
ease prediction studies have largely focused on static
machine learning classifiers, while the integration of
interpretable classical models within an agentic AI
framework with autonomous performance supervi-
sion remains insufficiently explored.

2. Related work

2.1. Agentic AI in healthcare

Agentic AI represents a new class of autonomous
systems capable of goal-directed behavior, self-
initiated action, and adaptive learning [14]. In
healthcare, agentic AI enables AI systems to actively
perceive data, reason through diagnostic tasks, and
adapt decision-making based on outcomes [15]. Un-
like traditional AI tools that work in fixed pipelines,
agentic systems combine all components of the
decision-making process (planning, memory, percep-
tion and action) in a holistic loop, so that they

can react to clinical variations dynamically [16].
The latest developments indicate AI with agency
is capable of improving the accuracy of diagnosis,
mitigating human error and optimising healthcare
process flow [17]. AI models have demonstrated the
ability to triage patients in need of urgent care, in-
terface with and interpret diverse kinds of patient
data (e.g., images, genetics, text), as well as forecast a
patient’s decline or recovery using real-time teleme-
try [18]. These models are not limited to the static
ones, since they learn through feedback and have
adaptive thresholds handling interactions needed for
certain tasks. Yet, even with these resources, agen-
tic AI remains largely theoretical [19, 20]. Existing
applications are constrained by absence of clini-
cal validation, regulatory clarity and interpretability.
Safety, bias, and transparency concerns make it chal-
lenging to deploy in high-stakes medical settings. As
the veracity and value of data become clearer for
many domains within the broader field, embedding
agentic ability into explainable systems will be a key
driver to clinical acceptance.

2.2. ML models for heart disease prediction

ML approaches perform quite well for heart dis-
ease prediction, especially in the structured clinical
data. Logistic Regression and Naïve Bayes are pop-
ular due to their ease, interpretability and speed
of calculations [21]. Many works have shown that
this model can achieve reasonable high accuracy
(e.g., > 80%), sometimes even comparable to, and
more robust than, some other advanced algorithms
on feature selection and preprocessing [22]. Logis-
tic Regression demonstrates good performance when
features are linearly separable and sample size is
moderate to small; scores less than the threshold
would be predicted as non-contraband facilities [23].
Though Naïve Bayes works under the assumption
of feature independence, but it performs well with
strong marginal distributions during training and has
obtained high recall in detecting positive cardiac
cases [24, 25]. Results from comparative studies also
show that although sophisticated ensemble models
might provide marginal gains of accuracy, traditional
ones are still competitive and have the advantage
of interpretation that plays a crucial role in clini-
cal decision making [26, 27]. A dominant trend in
the recent literature is hybrid approaches, primarily
combining classical models with ensemble or multi-
agent techniques aimed at balancing robustness and
transparency [28, 29]. However, the vast majority
of these models are trained on retrospective cohorts
with limited generalizability to real-world clinical
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populations. Prospective validation and application
within the live clinical environment are now essential
components of future work. Prior studies on heart
disease prediction have shown that classical machine
learning models can achieve reliable diagnostic per-
formance using structured clinical datasets. However,
most existing approaches mainly compare classifiers
in a static manner without incorporating autonomous
performance monitoring or supervisory coordination.
The proposed framework builds on these studies by
treating Logistic Regression and Naïve Bayes as diag-
nostic agents and introducing a supervisory agent that
evaluates their performance across different data-
splitting scenarios. This connection allows the system
to move beyond conventional model comparison to-
ward an agentic supervision approach for transparent
and adaptive clinical decision support.

2.3. Multi-agent and supervisory AI frameworks in
diagnosis

The use of multi-agent AI systems is a known
approach to organizing intelligent diagnostic sys-
tems [30, 31]. These frameworks use special-purpose
agents each dedicated to a task, such as diagno-
sis prediction, monitoring or recommendation, via
supervision [32]. Through the distributed proper-
ties of cognitive load across multiple agents, the
system is able to handle complex workflows, cross
validate decisions, and increase diagnostic reliabil-
ity through inter-agent communication [33, 34].
Patterns of results in the new evidence base demon-
strated substantial gains on diagnostic accuracy,
differential diagnosis coverage, and distributed task
performance from multi-agent systems [2, 35]. For
instance, improved performance has been shown for
lossless detection when plural diagnostic agents co-
operate under a supervisory controller particularly
when faced with indefinite or borderline findings
[36, 37]. Such architectures mirror the holistic collab-
oration practiced in medical teams, where specialists
bring complementary views on a patient’s case [1, 7].
The role of the supervisory agent is to collect all agent
responses, balance specific input/output requests and
maintain decisional coherence [20]. However, above
oversight has been known to enhance both accuracy
and credibility. Nonetheless, the application of multi-
agent systems in the healthcare domain presents
issues such as communication delay, coordination
complexity and development of efficient control logic
[30]. Further, accountability gets multiplied in multi-
agent scenarios and it is difficult to attribute mistakes
to some specific components. To allay these concerns,
human-in-the-loop supervision remains vital to keep
the control in clinicians’ hands and at the same time
receive automated support.

3. Methodology

The proposed framework is organized into sequen-
tial phases, starting from data acquisition and feature
selection, followed by preprocessing and data parti-
tioning. Subsequently, two diagnostic agents, Naive
Bayes and Logistic Regression, are employed to gen-
erate probabilistic and discriminative outputs. These
outputs are then evaluated by a supervisory agent,
which monitors performance and produces the fi-
nal diagnostic decision. The overall methodology
adopted in this study is illustrated in Fig. 1.

3.1. Dataset description and exploratory data
analysis

This study is evaluated on the UCI dataset, but the
focus of attention is given to the Cleveland Clinic
dataset, widely used and clinically proven datasets in
literature [38, 39]. There are 76 features in the orig-
inal dataset, but only 14 clinically relevant features
are mostly used in previous ML analysis [40, 41].
These are 13 predictive features, and one target value,
whether disease is present or absent. The target is
devised as binomial response of 0 (no heart disease)
and 1 (some kind of heart disease). This binary char-
acterization is consistent with clinical practice, and
supports the supervised classification of cardiovascu-
lar risk.

3.1.1. Feature description
The selected attributes represent a comprehensive

set of demographic, physiological, and diagnostic in-
dicators relevant to cardiovascular health [42]. These
include patient age and sex, chest pain type, resting
blood pressure, serum cholesterol level, fasting blood
sugar status, electrocardiographic results, maximum
heart rate achieved during exercise, exercise-induced
angina, ST-segment depression (oldpeak), slope of the
ST segment, number of major vessels identified via
fluoroscopy, and thalassemia status [43]. Together,
these features capture both structural and functional
aspects of cardiac performance, providing a rich input
space for intelligent diagnostic modeling.

3.1.2. Statistical overview of the dataset
As an initial overview, we find many of the clin-

ical traits exhibit high variability, even at baseline,
which telegraphs realistic patient heterogeneity in the
dataset. The continuous predictors as age, cholesterol,
resting blood pressure (RBP), maximum heart rate
(MHR) and the ST depression are in large numerical
ranges and distribution is not symmetric [44, 45].
Binary and nominal variables such as sex, fasting
blood sugar, and type of chest pain have limited range
of values also clinically interpretable. This statistical



58 AUIQ HUMANITIES AND SOCIAL SCIENCES 2 (2026) 55–69

Fig. 1. Methodology phases diagram.

variation will encourage normalization (or training
with respect to) and robust learning in the following
steps of our approach [46, 47].

3.1.3. Exploratory data analysis (EDA)
To facilitate intuitive use of data and stimulate au-

tonomous decisions within the agentic approach, ex-
ploratory data analysis (EDA) was performed through

a variety of complementary visualization methods.
Histograms for chosen clinical characters showing the
distributions of their frequency were shown in Fig. 2.
Various features such as cholesterol, ST depression
suffer from asymmetry with long tails; other factors
like age and maximum heart rate have wider spread
in clinical ranges [48]. These insights give reasons
why normalizing features is necessary and motivate
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Fig. 2. Histograms of selected features.
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Fig. 2. Continued.

the importance of learning models that can accom-
modate non-Gaussian data distributions.

Fig. 3 shows density plots of the same features
to have a smoothed estimate over their underlying
probability distributions. In the density curves, mul-
timodal distributions of some variables and overlap-
ping regions between healthy and diseased patients.
From an intelligent systems point of view, the overlap
in these regions indicate that they are ambiguous with
respect to diagnosis, revealing that it is crucial to
have adaptive and probabilistic reasoning models for
medical classification purposes [49].

Fig. 4 illustrates boxplots of selected features strat-
ified by heart disease outcome. Clear shifts in median
values and interquartile ranges are observed between
the two classes for several attributes, particularly
maximum heart rate and ST depression. These visual
differences suggest strong discriminative potential
and support the clinical relevance of the selected pre-
dictors for automated diagnosis.

3.1.4. Class-wise statistical comparison
To further quantify the observed differences be-

tween patient groups, a class-wise statistical analysis
was performed on key continuous features, including
age, cholesterol, maximum heart rate, and ST depres-
sion. Fig. 5 presents the mean ± standard deviation
of these features for patients with and without heart
disease.

The analysis indicates that patients diagnosed with
heart disease tend to be older, exhibit higher lev-
els of ST depression, and achieve lower maximum
heart rates during exercise compared to healthy in-

dividuals [50, 51]. These statistically meaningful
trends reinforce known clinical patterns and provide
quantitative evidence supporting the discriminative
capacity of the dataset.

3.2. Agentic data preprocessing module

3.2.1. Data cleaning and feature consistency
In the first step, an inspection of the dataset

was performed in terms of inconsistent, missing
or unreasonable values. Inconsistent or nonnumer-
ical records for critical attributes were removed to
make the data suitable for learning, and in order to
avoid bringing noise into the learning process [52].
This self-cleaning step guarantees that the resulting
feature representations provided to downstream di-
agnostic agents are consistent and valid, something
of paramount importance in order to ensure a stable
performance from any model operating on these data
within medical decision-support systems.

3.2.2. Feature normalization strategy
Due to the heterogeneous nature of clinical fea-

tures, ranging from demographic attributes to physio-
logical measurements, the dataset exhibits significant
variation in feature scales. To address this issue, L2
normalization was applied to the feature vectors prior
to model training [53]. Formally, for a given fea-
ture vector x = [x1, x2, . . . , xn], L2 normalization is
defined as:

x′ =
x
‖x‖2

=
x√∑n
i=1 x2

i
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Fig. 3. Density plots of selected features.
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Fig. 4. Boxplots of Features by Heart Disease Outcome.

Fig. 5. Class-wise mean ± standard deviation of key clinical features from Heart Disease dataset.

L2 normalization was chosen because it scales each
patient feature vector to a comparable magnitude,
thereby reducing the dominance of high-value clin-
ical measurements such as cholesterol and resting
blood pressure while preserving the relative pattern
of features within each patient record. This normal-
ization strategy ensures that all features contribute
proportionally to the learning process, preventing
dominance of high-magnitude attributes such as
cholesterol or resting blood pressure. From an agentic
perspective, normalization enhances the perceptual

uniformity of the environment, enabling diagnostic
agents to make balanced and stable inferences.

3.2.3. Autonomous data partitioning
The preprocessing module automatically partitions

the dataset into training and testing subsets under
three experimental settings: 70:30, 80:20, and 85:15.
Stratified sampling was applied during each partition-
ing process to preserve the original distribution of
heart disease and non-heart disease cases in both the
training and testing subsets data [54]. In addition, a
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fixed random seed was used to ensure reproducibil-
ity of the data splits and experimental results. These
multiple partitioning settings enable the evaluation
of the proposed agentic system under different levels
of training data availability and provide a robustness
assessment of diagnostic performance across varying
experimental conditions [55].

3.3. Agentic AI architecture

The model presented in this work is based on
the agentive AI category with the combination of
different one agent to carry out heart disease clas-
sification. The architecture is made up of diagnostic
agents which are directed by another higher-level
executive agent, model necessarily subjected to va-
riety and consistency [19]. It adopts proactive AI
principles, decoupling the perception of data, diag-
nostic reasoning and evaluation for performance by
means of synergistic autonomic steps. There are two
private diagnostic agents, corresponding to differ-
ent ML methods [56, 57]. The first agent is based
on a naive model of Naïve Bayes classifier doing
probability reasoning with assumption of conditional
independence and the second uses Logistic Regres-
sion to train a discriminative classifier to distinguish
diseases. Both agents take normalized feature input
from the preprocessing modules and provide separate
diagnostic outputs. A supervisory agent assesses the
outputs of the diagnostic agents by observing their
performance over experimental set-ups. Operating at
a meta-decision level allows the supervisory agent
autonomous assessment of diagnostic reliability and
it facilitates to combine decision in congruent way.

This hierarchical agentic architecture improves ro-
bustness and interpretability and is appropriate for
autonomous medical decision-support systems.

3.4. Learning and adaptation strategy

This structure follows a supervised learning
methodology where diagnostic agents learn from
standardize patient data and are tested in multiple
different training–test set-up. This may be seen as
a way to measure how well the methods generalize
with different levels of teacher input. Adaptation is
done by performace based assesement instead of get-
ting trained perpetually [58, 59]. A monitoring agent
monitors diagnostic outcomes and the performance
history thereof, so as to enable automatic detection
of sustained and successful diagnostic operation by
the system. This learning process provides both sta-
bility and interpretability, but it is also in line with
the requirements of a real-world autonomous medical
decision support system.

4. Results and discussion

4.1. Logistic regression results

The Logistic Regression diagnostic agent demon-
strates consistently strong performance across all
splitting scenarios, as summarized in Table 1.

With the model on the 70:30 split, testing accuracy
reaches 0.83, while the testing loss is only 0.164.
This shows that generalization has been effective.
The precision–recall balance gives a great recall of
cases for heart disease, which is especially important

Table 1. Performance comparison of Logistic Regression and Naïve Bayes models under different data splitting cases.
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70:30 Class 0 0.9143 0.7273 0.8101 0.86 0.136 0.83 0.164
Class1 0.7857 0.9362 0.8544

80:20 Class 0 0.875 0.7778 0.8235 0.84 0.157 0.85 0.147
Class1 0.8378 0.9118 0.8732

85:15 Class 0 0.8947 0.7391 0.8095 0.83 0.163 0.82 0.173
Class1 0.7778 0.913 0.84
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70:30 Class 0 0.8611 0.7045 0.775 0.83 0.16 0.8 0.197
Class1 0.7636 0.8936 0.8235

80:20 Class 0 0.8333 0.7407 0.7843 0.83 0.169 0.81 0.18
Class1 0.8108 0.8824 0.8451

85:15 Class 0 0.8571 0.7826 0.8182 0.83 0.167 0.82 0.173
Class1 0.8 0.8696 0.8333
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Fig. 6. ROC curves for Logistic Regression under Different Train–Test Split Ratios (a) 70:30 split, (b) 80:20 split, and (c) 85:15 split.

in clinical applications. Here, reduced negatives are
vital. Whatevers is 80:20 split will thus have highest
test accuracy (0.85) and least test loss (0.147), in-
dicating that a good balance exists between the
availability of training data in quantity with reliabil-
ity at evaluation time. This arrangement is also good
for both precision and recall results for every class,
allowing the F1-scores to be further improved as a
result.

Logistic Regression benefits from more training
data whereas decision thresholds don’t change. In the
case of the 85:15 split, although training accuracy
remains stable, a small reduction in testing accuracy
is seen. This may be attributable to the small size of
the test set leading to more uncertain performance
estimates. Nevertheless, the model retains competi-
tive precision and recall measures; suggesting that it
is still sound. These results are further supported by
the ROC curves shown in Fig. 6 which present good
separation between classes for all partitions, with
maximum curve characteristic obtained via an 80:20
layout. Confusion matrices in Fig. 7 show classifiers
with balanced identifying behaviors and relatively
few incorrectly classified samples. This is consistent
performance characteristics for heart disease diagno-
sis using Logistic Regression.

4.2. Naïve Bayes results

The Naïve Bayes diagnostic agent also achieves
satisfactory performance across all experimental con-
figurations, as shown in Table 1. For the 70:30 split,
the model attains a testing accuracy of 0.80, with
higher recall for heart disease cases compared to
non-diseased cases. This tendency reflects the proba-
bilistic nature of Naïve Bayes, which favors sensitivity
over specificity in overlapping feature spaces. In the
80:20 configuration, Naïve Bayes shows improved
testing accuracy (0.81) and balanced F1-scores, in-
dicating more stable classification behavior with
increased training data. The 85:15 split further im-
proves testing accuracy to 0.82, demonstrating that
the model benefits from larger training sets despite
its simplifying independence assumptions.

The 80:20 split provided the best overall balance
because it offered sufficient training data for stable
model learning while retaining an adequate testing
subset for reliable evaluation. In contrast, the 70:30
split used less training data, whereas the 85:15 split
had a smaller test set that may increase evaluation
variability. This explains why the 80:20 split achieved
the highest testing accuracy and lowest testing loss.
ROC curves in Fig. 8 confirm reasonable discrimi-
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Fig. 7. Confusion Matrices for Logistic Regression under Different Train–Test Split Ratios (a) 70:30 split, (b) 80:20 split, and (c) 85:15 split.

Fig. 8. ROC curves for Naïve Bayes under Different Train–Test Split Ratios (a) 70:30 split, (b) 80:20 split, and (c) 85:15 split.
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Fig. 9. Confusion Matrices for Naïve Bayes under Different Train–Test Split Ratios (a) 70:30 split, (b) 80:20 split, and (c) 85:15 split.

nation capability for Naïve Bayes across all splits,
although the curves exhibit slightly lower separability
compared to Logistic Regression. Confusion matrices
in Fig. 9 reveal higher misclassification rates for bor-
derline cases, particularly false positives, which can
be attributed to correlations among clinical features
that violate the independence assumption.

4.3. Comparative discussion

Here is a few direct comparison between Logistic
Regression and Naïve Bayes. Logistic Regression al-
ways outperforms Naive Bayes in terms of testing
accuracy and loss stability under the 80:20 split. This
inferior performance is in line with the exploratory
data analysis, which found overlapping and corre-
lated feature distributions favoring discriminative
learning methods. Naïve Bayes, on the other hand,
exhibits high recall in all set-ups including those that
involve heart disease cases thus making it useful to
detect patients with positive predictions. Concerning
clinical applications, these behaviors could be useful
for screening situations in which sensitivity is more
important than specificity. In the agentic AI setting,
these performance deltas are actionable feedback to
the supervising agent. By observing accuracy trends,

loss magnitudes and error distributions under var-
ious different configurations, it can autonomously
determine that Logistic Regression would be a more
trustworthy diagnostic agent given the experimental
conditions, yet continue to acknowledges merits in
Naïve Bayes’ strengths as well.

5. Conclusion & future work

In this research, an agentic AI model was presented
for heart disease categorization using Logistic Regres-
sion and Naïve Bayes diagnostic agents. The proposed
system includes self-sufficient prepossessing, agent-
based diagnosis and performance-based supervision
to facilitate trustworthy and understandable med-
ical decision application. Experimental results on
UCI Heart Disease dataset indicate that Logistic
Regression is able to show better generalization per-
formance over various data split cases, and Naïve
Bayes estimates high sensitivity detection of heart
disease cases. The results demonstrate the efficacy
of the agentic framework in independently deter-
mining the choice of diagnostic agents, guided by
quantitative performance feedback. The findings sug-
gest that agentic supervision can enhance classical
ML algorithms by transforming them into scalable,
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transparent, and reliable decision-support tools for
cardiovascular care. However, the present study is
limited by the relatively small size of the UCI Heart
Disease dataset and the use of retrospective data,
which should be addressed through validation on
larger and more diverse clinical datasets in future
work. Future work will involve scaling-up the method
to a number of learning agents, including explainable
AI techniques, and testing on larger clinical data to
improve scalability and clinical application.
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