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Abstract: Healthcare systems often face challenges in providing
personalized treatment recommendations due to the variability
and uncertainty in patient data. This paper proposes a fuzzy
logic-based decision support system to address these challenges
by incorporating expert-defined rules and fuzzy inference
mechanisms. The model is designed to assist healthcare
professionals in personalized treatment planning, ensuring
adaptability to diverse patient profiles. Through simulations and
case studies, we demonstrate the system’s effectiveness in
handling ambiguous medical data, improving decision-making
accuracy, and enhancing patient outcomes. Future prospects
include integration with Al for hybrid models in clinical
environments.
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I. INTRODUCTION

Personalized healthcare is a growing paradigm aimed
at providing patient-specific treatment plans, recognizing
that each individual’s medical needs are unique. This
approach offers a more precise, effective, and efficient
method of delivering care, improving patient outcomes.
However, challenges in managing the complexity and
variability of patient data can hinder decision-making,
leading to suboptimal treatments. Decision Support
Systems (DSS) play a crucial role in assisting healthcare
professionals by analyzing vast amounts of data and
providing insights. Traditional systems often struggle
with the inherent uncertainty in healthcare data, which is
where fuzzy logic can offer significant advantages.

Fuzzy logic, an approach rooted in soft computing,
excels at handling vagueness and uncertainty, making it
an ideal tool for personalized healthcare systems. By
allowing for more flexible reasoning and accommodating
ambiguous medical data, fuzzy logic can improve the
accuracy of decision-making in clinical settings. Previous
research has shown that integrating fuzzy logic into
clinical decision support systems (CDSS) can enhance
diagnostic reasoning and treatment planning, offering
better solutions tailored to individual patient’s needs.!)

Despite the promise of fuzzy-based systems in
healthcare, there is still a gap in models that directly
address personalized treatment recommendations. This
paper aims to bridge this gap by designing a fuzzy logic-
based DSS for personalized healthcare decision-making.

Chinmay Mulay
Department of Computer Engineering
Amity School of Engineering and
Technology
Amity University Mumbai,
Mumbai, Maharashtra,

India

Dr. Monalisa Hati
Department of Computer Engineering
Amity School of Engineering and
Technology
Amity University
Mumbai, Mumbai,
Maharashtra, India

The system will leverage fuzzy logic’s ability to process
uncertain data and generate customized treatment options,
ultimately improving patient care outcomes. Through this
research, we propose to demonstrate the potential of fuzzy
logic in enhancing the effectiveness of personalized
healthcare systems.

II. LITERATURE REVIEW

A. Overview of Existing Healthcare Decision
Support Systems (DSS) and Their Limitations

Healthcare Decision Support Systems (DSS) have
become critical tools in improving healthcare quality and
efficiency. They rely on complex algorithms, databases,
and patient data to provide healthcare providers with
actionable insights for diagnosis, treatment planning, and
patient management. The healthcare DSS market has seen
significant growth, with a compound annual growth rate
(CAGR) of 10.5% from 2022 to 2030, indicating the
increasing integration of decision support systems in
healthcare to enhance clinical outcomes. [?)

Despite their effectiveness, DSS face several
limitations. One of the primary issues is alert fatigue,
where an overload of non-actionable or redundant
notifications causes healthcare providers to ignore critical
alerts, which can lead to missed diagnoses and errors in
patient care. Studies have shown that 45-50% of alerts in
emergency departments are ignored, highlighting the
risks associated with excessive notifications [,
Moreover, many DSS struggle with interoperability
issues with existing Electronic Health Records (EHR),
complicating integration and workflow. In a survey
conducted by HIMSS, 66% of healthcare institutions
reported difficulties in achieving seamless integration
between DSS and EHR systems.

B. Fuzzy Logic Applications in Healthcare and

Other Fields

Fuzzy logic has shown considerable promise in
healthcare, particularly in scenarios where traditional
binary decision-making fails to capture the complexities
of real- world conditions. By allowing for reasoning
under uncertainty, fuzzy logic can model vague,
incomplete, or imprecise data—common in healthcare
settings. Fuzzy systems have been applied in fields such
as personalized medicine, patient risk assessment, and
diagnostic support, where clinical decisions are often
based on factors that cannot be easily categorized into

Received 21 September 2025, Accepted 23 November 2025 1


https://ijellh.com/index.php/OJS/index
https://ijellh.com/index.php/OJS/index
https://ijoscience.com/index.php/ojsscience/issue/view/119
mailto:res.shreya@gmail.com

ISSN: 2582-4600

binary outcomes.

One of the most notable applications of fuzzy logic is
in diabetes management, where fuzzy-based decision
support systems adjust insulin dosages based on dynamic
inputs such as blood glucose levels, meal patterns, and
physical activity. This allows for more personalized care
compared to traditional rule-based systems, which often
lack the ability to account for individual patient nuances.
A study showed that fuzzy logic models in diabetes
management improved treatment outcomes by 17%,
showcasing their effectiveness in optimizing patient care.

One of the most notable applications of fuzzy logic is
in diabetes management, where fuzzy-based decision
support systems adjust insulin dosages based on dynamic
inputs such as blood glucose levels, meal patterns, and
physical activity. This allows for more personalized care
compared to traditional rule-based systems, which often
lack the ability to account for individual patient nuances.
A study showed that fuzzy logic models in diabetes
management improved treatment outcomes by 17%,
showecasing their effectiveness in optimizing patient care

In the field of cardiology, fuzzy logic has been used
to assess the risk of heart disease based on factors such as
age, cholesterol levels, and blood pressure. These models
have helped clinicians identify patients at risk more
accurately than conventional systems, which often
operate on rigid thresholds. The fuzzy expert system for
heart disease risk assessment has been shown to reduce
false positives by 30% compared to traditional models.

C. Gaps in the Current Literature That Our Model
Aims to Fill

While fuzzy logic has found applications in
healthcare, several gaps remain in the current literature.
One significant gap is the lack of scalability in existing
systems. Many current fuzzy-based DSS rely on expert
knowledge and static rules, making them difficult to adapt
to diverse patient populations or evolving medical
knowledge. Furthermore, these systems often do not
integrate real-time data, limiting their ability to provide
up-to-date recommendations.

Our model aims to address these shortcomings by
integrating fuzzy logic with machine learning techniques.
This combination will allow the system to adapt to new
data over time, improving its predictions and
recommendations. Additionally, our model will enable
the integration of multimodal patient data, including
clinical, genetic, and environmental factors, thereby
creating a more comprehensive and personalized
healthcare decision support system.

Furthermore, the integration of fuzzy logic with
machine learning will facilitate the creation of a system
that  continuously learns and  improves its
recommendations, moving beyond static, rule-based
approaches. By using a dynamic, Al-driven framework,
our model will be able to handle a wider variety of
patient inputs and offer more personalized and accurate
healthcare recommendations.
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1. METHODOLOGY

In healthcare, especially in diabetes management, the
variability of patient conditions presents a major
challenge. Traditional models often fail to capture the
complexity of individual patient characteristics such as
blood glucose levels, BMI, and activity patterns, leading
to generalized treatment plans that may not be effective
for all patients. Moreover, medical guidelines often
provide standardized recommendations that do not
account for the nuanced and changing needs of individual
patients. This ambiguity in healthcare decision-making
can lead to suboptimal treatment outcomes. A fuzzy logic-
based model can address these issues by incorporating
uncertainty and variability in patient data to provide
personalized treatment recommendations. This model
aims to bridge the gap between general medical
guidelines and the specific needs of each patient,
improving treatment efficacy and patient outcomes.

A. Model Design

We utilized a Fuzzy Inference System (FIS) based on
the Mamdani method to predict the likelihood of diabetes
in patients using three primary input variables: Glucose
levels, BMI (Body Mass Index), and Age. The output was
the risk of diabetes, categorized into low, medium, and
high.

Fuzzy Sets and Membership Functions
1. Glucose Levels:
a. Low: trapmf([0, 0, 70, 120])
b. Medium: trimf([70, 120, 180])
c. High: trapmf([120, 180, 200, 200])
2. BML
a. Low: trimf([0, 18.5, 25])
b. Medium: trimf{([18.5, 25, 30])
c. High: trapmf([25, 30, 50, 50])
3. Age:
a.  Young: trapmf([0, 0, 20, 40])
b. Middle: trimf([20, 40, 60])
c. 0Old: trapmf([40, 60, 100, 100])
4. Output Variable (Risk of Diabetes):
a. Low Risk: trapmf{[0, 0, 25, 50])
b. Medium Risk: trimf([25, 50, 75])

c. High Risk: trapmf([50, 75, 100, 100])
Rules for Decision-Making

The fuzzy rules used to determine the diabetes risk are
as follows:

Rule 1: If Glucose is low and BMI is low and Age is
young, then Risk is low.

Rule 2: If Glucose is medium or BMI is medium,
then
Risk is medium.

Rule 3: If Glucose is high or BMI is high or Age is
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old, then Risk is high.

These fuzzy rules combine the inputs to generate an
output risk score based on fuzzy logic. In fuzzy logic,
rules can be expressed mathematically using logical
operators such as AND (A), OR (V), and NOT (),
alongside membership functions.

Rule 1:
If pGlucose,Low(x) AND uBMILLow(x) AND
pAge,Young(x), Then  pRisk,Low(y) = min

(nGlucose,Low(x), uBMI,Low(x), pAge,Young(x))
Rule 2:
If pGlucose,Medium(x) OR uBMI,Medium(x), Then

pRisk,Medium(y) = max (uGlucose,Medium(x),
uBMI,Medium(x))

Rule 3:

If pGlucose,High(x) OR uBMI,High(x) OR pAge,Old(x),
Then pRisk,High(y) =

max(nGlucose,High(x), pPBMI,High(x),
nAge,0ld(x))

Here:

e uVariable,Category(x) represents the
membership degree of the input x to the fuzzy
set (e.g., Glucose: Low, Medium, High).

e min and max are the mathematical operators
corresponding to AND and OR, respectively.

e The output pRisk,Category(y) is the aggregated
membership function for the risk category.

These rules process fuzzy inputs into fuzzy outputs,
which are then defuzzified into a crisp risk score.

Fuzzy Inference System (FIS)

The Mamdani FIS was chosen because it is widely
used in systems that require human-like decision-making
under uncertainty. In this model, fuzzy inputs are
processed through the inference system, where
membership functions apply to the fuzzy rules, resulting
in fuzzy outputs. These fuzzy outputs are then defuzzified
to produce crisp risk values, which are classified into risk
categories.

Mathematically, the Mamdani

follows these steps:

inference process

1. Apply the membership functions to input data.

2. Use fuzzy operators to combine inputs according
to the fuzzy rules.

3. Aggregate the results of all rules.

4. Defuzzify the aggregated result to produce a crisp
output.
B. Data Source

The Pima Indians Diabetes Database from Kaggle was
used for this research, which contains data for 768 female
patients of Pima Indian heritage. The dataset includes 8
attributes: number of pregnancies, BMI, glucose
concentration, insulin levels, age, diabetes pedigree
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function, and blood pressure, with the output variable
being whether the patient has diabetes (1) or not (0).

Preprocessing Steps

1. Missing values in Glucose and BloodPressure
were replaced with the mean of their respective
columns.

2. Standardization: Data was scaled using
StandardScaler to bring all features to a similar
range, enhancing model performance.

3. Data was split into 80% training and 20% testing
sets.

C. Implementation Details
Programming Language: Python

Libraries Used:
1. sklearn: For data preprocessing (scaling and
splitting).

2. skfuzzy: For building and running the
fuzzy inference system.

3. Matplotlib and Seaborn: For data visualization
and plotting results.
Results / Outputs

1. Model Accuracy: 44.92%
2. Confusion Matrix:
[[ 79 421]
[ 2266]]
3. Precision: 0.39
4. Recall: 0.99
5. FI1 Score: 0.56

These results show the model’s ability to identify
high- risk diabetes patients with a high recall rate but a
relatively low precision, suggesting that while the model
is good at catching positive cases (high-risk patients), it
also produces a substantial number of false positives.

IV. USECASE

Evaluating Diabetes Risk

Our fuzzy logic model assesses diabetes risk using

three primary inputs:

1. Glucose Levels: Normalized and categorized into
low, medium, and high.

2. BMI: Classified into low, medium, and high based
on thresholds.

3. Age: Grouped into young, middle-aged, and old.

Sample Input and Output:

1. Input:
a. Glucose = 130 mg/dL,
b. BMI =28,
c. Age=45.

2. Output:

Predicted Risk = 62.5 (Medium to High).

The model maps these values using fuzzy sets and applies
rules to infer a risk level, enabling healthcare
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professionals to identify at-risk patients effectively.

Future Scope: Diabetes Management

The model could be extended to recommend

personalized insulin dosages by incorporating:

1. HbAlc Levels: For long-term glucose

control evaluation.

2. Insulin Sensitivity: To customize treatment.

3. Dietary and Lifestyle Data: For holistic
management.

For example:
1.  Hypothetical Input:
a. HbAlc= 8%,

b. Glucose = 150 mg/dL,
c. BMI =30,
d. Age=150.

2. Output:

Suggested Insulin Dose = 12 units/day.This
enhancement could provide tailored care for
managing diabetes effectively while reducing
risks associated with generalized treatments.

V. RESULTS

Model Performance Metrics:
1. Accuracy: 44.92%
2. Confusion Matrix:

Predicted/actu | No Diabetes
al Diabetes
No Diabetes 79 421
Diabetes 2 266

3. Precision: 0.39

4. Recall: 0.99

5. F1 Score: 0.56

Visual Representations:
1. Confusion Matrix Heatmap: Shows
classification performance.

The confusion matrix heatmap is a graphical
Confusion Matrix Heatmap

No Miabetes

Actusl

Drabates

No Diabetes Diabetes
Precicted

representation of the model’s classification performance.
It shows the number of true positives, true negatives, false
positives, and false negatives. This matrix is crucial for

evaluating the accuracy and effectiveness of the model in
distinguishing between classes (e.g., “No Diabetes” vs.
“Diabetes”). The heatmap format allows easy
identification of misclassifications, where the darker
shades indicate higher values, and lighter shades show
lower values. This visualization helps in understanding
how well the model is classifying the outcomes and allows
for a deeper analysis of the model’s performance in
different categories.

2. ROC Curve: Demonstrates model’s
tradeoff between sensitivity and specificity.

Receiver Operating Craractertstic {ROCH Curve

Tun Pontive Mate

00 93 o a6 38 1%

The Receiver Operating Characteristic (ROC) curve
is a fundamental tool for assessing the performance
of binary classification models. It plots the true
positive rate (sensitivity) against the false positive
rate (1-specificity) at various threshold settings. The
curve demonstrates the tradeoff between sensitivity
(the ability of the model to correctly identify positive
instances) and specificity (the model’s ability to
correctly identify negative instances). The area under
the ROC curve (AUC) is often used to summarize
the overall performance of the model; higher AUC
values indicate better classification performance.
This curve is essential for evaluating the model’s
ability to balance between detecting true positives
while minimizing false positives.

3. Correlation Heatmap: Highlights relationships
between features.

Feature Correlation Heastnap
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The correlation heatmap visually represents the
relationships between various features in the dataset.
It uses color gradients to show how strongly
different features are correlated with each other. For
example, features like glucose, BMI, and age may
exhibit high correlation with the outcome variable
(diabetes risk). This heatmap allows researchers to
easily identify which variables have strong or weak
relationships, which can inform feature selection
and model design. It also highlights potential
multicollinearity issues, where highly correlated
features might affect the model’s performance. By
analyzing the correlations, we can

gain insights into the structure of the data and
the interdependencies among features.

4. Risk Prediction Distribution:

Risk Predution Distribution

00 {

This histogram shows the distribution of
predicted diabetes risk levels (either 0 for low
risk or 1 for high risk). It is crucial for
understanding how the model is classifying
individuals and can help identify if there is a
bias toward one outcome over another. It also
provides insight into the overall distribution of
risk across the dataset, which is important when
analyzing the effectiveness of the fuzzy logic
model in categorizing patients into risk groups.

5. Comparison of Precision, Recall and F1 Score

omparaan of Precison, Recall, and £ Scare

This bar chart offers a clear comparison of the
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model’s performance on precision, recall, and F1
score, all of which are vital metrics for
evaluating classification models. Precision and
recall provide a detailed view of how well the
model is detecting diabetes cases, while the F1
score gives a balanced measure of both precision
and recall. Including this visualization helps
readers to assess the performance of the fuzzy
logic model in a more quantitative and
comparative manner, which is essential for any
results and output analysis.

VI. COMPARISON OF FUZZY LOGIC
WITH TRADITIONAL MACHINE
LEARNING MODEL

Fuzzy logic systems and traditional machine learning
models, such as support vector machines (SVMs) and
decision trees, are both effective in healthcare
decision support systems, but they cater to different
needs.

A fuzzy logic model was shown to achieve high
interpretability with concise rules, especially when
applied to datasets with vagueness, such as heart
disease and diabetes detection. However, the accuracy
was moderate compared to optimized ML models like
Random Forest and Gradient Boosting. !

Traditional ML models, such as Random Forest and
SVM, were found to outperform fuzzy systems in
classification accuracy (e.g., achieving over 85% in
some cases) but at the cost of increased opacity. [*

While fuzzy logic provides interpretability and
reliability for healthcare applications, machine
learning models offer better scalability and accuracy
for larger datasets. A hybrid approach, combining
fuzzy rules with machine learning (e.g., fuzzy neural
networks), could address the limitations of both
systems and offer enhanced decision-making
capabilities.

Advantages:

1. Interpretability: Transparent decision-making
using linguistic variables.

2. Flexibility: Easily adapted to varying input
ranges.

3. Robustness to Uncertainty: Smooth handling
of ambiguous data.

4. Transparency: The rule-based approach
makes fuzzy logic more trustworthy in
medical settings where understanding the
reasoning behind decisions is crucial.

5. Cost Efficiency: Requires fewer resources
for implementation compared to machine
learning models that demand high
computational power and extensive training
data.
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Limitations:

1. Rule Definition: Relies heavily on expert-
defined rules, which may not generalize
well.

2. Scalability: Adding more features increases
complexity exponentially.

3. Accuracy Tradeoff: Simpler models may
sacrifice  predictive  performance for
interpretability.

4. Rule Dependence: Manual rule definition
can be labor-intensive and relies on domain
expertise.

5. Limited Scalability: May struggle with very
large or highly complex datasets compared
to ML models.

VII. FUTURE SCOPE
1. Integration with Al Techniques

The fuzzy logic model for diabetes risk
prediction can be further enhanced by integrating it
with machine learning (ML) or deep learning (DL)
algorithms, creating a hybrid model that can leverage
the strengths of both approaches. For example,
machine learning techniques such as support vector
machines (SVM) or random forests can be used to
refine the fuzzy model’s decision-making process,
improving its predictive accuracy. By combining
fuzzy logic’s interpretability with the power of
machine learning’s data-driven approaches, the
hybrid model can handle larger, more complex
datasets, thus improving the robustness and
scalability of the system.

Additionally, deep learning models like neural
networks can be employed to automatically learn more
nuanced patterns in large medical datasets, further
enhancing the model’s predictive capabilities for diabetes
risk prediction.

Benefits of Hybridization:

a.Fuzzy logic’s ability to interpret vague and
uncertain data can be complemented by machine
learning’s ability to learn from patterns in large
datasets.

b.Deep learning models can potentially capture non-
linear relationships in the data that may not be
evident in traditional machine learning models.

2. Scalability for Larger Datasets or Different

Medical Conditions:

While the current model is suitable for the
dataset being used, its scalability for larger datasets or
other medical conditions remains a challenge. Fuzzy logic
systems, though interpretable, may struggle with high-
dimensional or voluminous data. Therefore, there is a
need to enhance the scalability by employing distributed
computing techniques or cloud-based solutions, enabling
the model to handle big data effectively. Moreover, fuzzy
logic’s current framework could be extended to other
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medical conditions beyond diabetes, such as
cardiovascular diseases or kidney disorders, by adjusting
the input features (e.g., cholesterol levels, kidney function
markers) and modifying the rules for different conditions.

Solutions:

a. Use cloud-based platforms to process and analyze
large-scale medical data in real-time, allowing for
the integration of diverse datasets from hospitals
and health organizations.

b. Implement parallel processing techniques to speed
up model execution for larger datasets.

c¢. Adapt the fuzzy rules and membership functions
to different medical conditions, providing a
generalized yet effective solution for multiple
healthcare domains.

These improvements would allow the model
to not only scale with larger datasets but also
expand its applicability to a broader range of

medical conditions, making it a more
versatile and robust tool in the healthcare
industry.

VIII. CONCLUSION

In this paper, we proposed a fuzzy logic-based
decision support system (DSS) to evaluate the risk of
diabetes based on key health metrics such as glucose
levels, BMI, and age. By leveraging fuzzy logic, the
model addresses the inherent variability in patient
conditions and the ambiguity in medical guidelines,
providing a more personalized and adaptive approach to
healthcare decision-making. The model’s flexibility in
handling vague or uncertain data enhances its ability to
deliver meaningful results in the complex and varied
domain of healthcare.

Our implementation demonstrated an accuracy of
44.92%, with a precision of 0.39, recall of 0.99, and an
F1 score of 0.56. These performance metrics show that
while the model excels at identifying high-risk patients
(due to the high recall), it has room for improvement in
its precision, indicating that further refinement, such as
incorporating more data or adjusting fuzzy rules, could
lead to better overall performance.

The findings of this research suggest that fuzzy logic
models can play an important role in the future of
personalized healthcare, providing healthcare providers
with tools to make better-informed, data-driven decisions,
while ensuring the system remains understandable and
interpretable for both medical professionals and patients.
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