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Abstract — Health risk assessment based on
biochemical parameters is crucial for preventive
medicine. However, the imprecision and variability
of medical data pose challenges to traditional
assessment methods. This study utilizes fuzzy
logic to evaluate health risks using patient data,
including Glycaemia, Azotemia, Creatinineemia,
liver enzymes, cholesterol levels, and
Triglycerides. MATLAB was applied to design and
simulate the fuzzy inference system (FIS). Results
demonstrate the potential of fuzzy logic in
providing robust, interpretable health risk
assessments.

By fuzzy logic, the model addresses the
complexity of integrating multiple biochemical
markers, enabling an adaptable and precise
method for assessing health risks. The developed
system highlights the advantages of fuzzy
approaches over traditional statistical methods in
handling vagueness and borderline cases in
medical data, with potential applications in clinical
decision-making and patient management. This
research highlights the transformative impact of
computational intelligence on modern healthcare
systems.
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I.  INTRODUCTION

Health risk assessment is an integral component of
preventive healthcare, serving to identify and mitigate
potential medical issues before they manifest into
severe conditions. Biochemical markers such as
Glycaemia, LDL cholesterol, and Triglycerides are
frequently utilized to evaluate health risks associated
with conditions like diabetes and cardiovascular
diseases. However, interpreting these markers can be
challenging due to their inherent variability and the
nonlinear relationships they exhibit with health
outcomes.

Traditional statistical methods often fail to capture
the subtleties and uncertainties of medical data,
necessitating advanced techniques that can model
these complexities. Fuzzy logic, introduced by Zadeh
in 1965, provides a framework to address such
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challenges. By incorporating linguistic variables and
membership functions, fuzzy systems allow for
nuanced interpretations that align closely with human
reasoning.

This study focuses on adapting a fuzzy inference
system (FIS) to evaluate health risks using
comprehensive biochemical data from a clinical case.
The system utilizes MATLAB's Fuzzy Logic Toolbox to
model the relationships between input variables and
health risk outcomes, aiming to provide an accurate
and interpretable assessment method.

The proposed fuzzy model is designed to overcome
the limitations of conventional methods by
accommodating imprecise inputs and producing
interpretable results. The study also emphasizes the
significance of integrating expert knowledge into rule-
based systems to enhance the reliability and usability
of health risk assessments.

Il. Methodology

Data Description

The data used in this study were derived from a
patient's biochemical profile, including the following
parameters:

- Glycaemia: 80.40 mg/dL (Reference: 70 - 115

mg/dL)

- Azotemia: 20.60 mg/dL (Reference: 16.6 - 48.5
mg/dL)

- Creatinineemia: 0.66 mg/dL (Reference: 0.5 -
0.9 mg/dL)

- ALT (SGPT): 14.2 U/L (Reference: 0 - 41 U/L)
- AST (SGOT): 16.6 U/L (Reference: 0 - 38 U/L)
- Total Bilirubin: 0.42 mg/dL (Reference: 0 - 1

mg/dL)

- Direct Bilirubin: 0.13 mg/dL (Reference: 0 - 0.3
mg/dL)

- Cholesterolemia: 197.20 mg/dL (Reference: 145
- 220 mg/dL)

- HDL Cholesterol: 42.40 mg/dL (Reference: 40 -
70 mg/dL)

- LDL Cholesterol: 136.40 mg/dL (Reference: 135
- 165 mg/dL)

- Triglyceride: 104.30 mg/dL (Reference: 45 - 150
mg/dL)

The methodology encompasses data collection,
fuzzy inference system (FIS) development, rule
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base formulation, and performance evaluation,
as detailed below.

Data Acquisition and Preprocessing

-The biochemical data were collected from a
comprehensive clinical profile of a patient. The
parameters were selected based on their clinical
significance in evaluating health risks, especially
for metabolic and cardiovascular conditions.
Preprocessing involved normalizing the data
within ~ acceptable ranges to enhance
compatibility with the fuzzy logic model.

I1l.  Fuzzy LoaiC

Here is a list of general observations about fuzzy
logic:

* Fuzzy logic is conceptually easy to understand.

* Fuzzy logic is more intuitive.

* Fuzzy logic is flexible.

» Fuzzy logic is tolerant of imprecise data.

Fuzzy Logic Theory
Definition (Zadeh, 1965): Let X be a nonempty set. Its
membership function characterizes a fuzzy set A in X,
Ma: X—[0,1]; u(x) is interpreted as the degree of
membership of elements in fuzzy set A for each x € X.
Let y be a fuzzy subset of X; the support of A,
denoted supp(A), is the crisp subset of X whose
elements all have nonzero membership grades in A.
Membership functions are shown in Fig. 1a, b, ¢, and
d, respectively, in the form below:

a- Triangular

b- Trapezoidal

c- Sigmoid

d- Gaussian

b, 1)
1
0.9 +
0.8 4
0.7 4
0.6 o
)
E 0.5 4
0.4 4
0.3 4
0.2 H
0.1 4
0
o (a0 5 10 (¢, 0) 15
x
Iriangular MF.
1. &) 1.¢)
1
L9
0s
07
0 g=Lib=3 *d=14
2 o
=
n.4
0.3
0.2
ol
0 - -
o la, 0) 5 10 (d, 0) 35
Trapezowdal MI

MD

%

gmoid MF

1

09
038
0.7

0.6

MD

0.5

0.4

0 T T T 1 T T T T
-5 4 -3 -2 -1 0 1 2 3 4 5

IV. Fuzzy SYSTEM DESIGN

The FIS was developed in MATLAB, integrating all
the above parameters as input variables, while
"Health Risk" served as the output variable,
categorized into "Low," "Moderate," and "High." The
fuzzy inference system uses Mamdani-type
reasoning, which is commonly chosen for its

interpretability.
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V. MEMBERSHIP FUNCTIONS

To model the imprecise nature of the data, trapezoidal
and triangular membership functions were employed
for the input variables. For example:
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1. Glycaemia: "Normal" (70 - 115 mg/dL) and
"High" (>115 mg/dL).

2. Azotemia: "Normal" (16.6 - 48.5 mg/dL) and
"High" (>48.5 mg/dL).

3. Creatinineemia: "Normal" (0.5 - 0.9 mg/dL)
and "High" (>0.9 mg/dL).

4. ALT/AST: "Normal" (0 - 41 U/L, O - 38 U/L)
and "High" (>41, >38).

5. Cholesterol Levels: Categorized into "Low,"
"Normal," and "High."

The output variable "Health Risk" was divided into
linguistic categories (Low, Moderate and High) with
triangular membership functions to ensure clear and
distinct risk levels.

VI. RULE BASE

The rule base consisted of expert-defined rules
combining input variables to determine health risk
levels. Examples include:

1. If Glycaemiais "Normal" AND LDL is "Normal"
AND Triglycerides are "Normal,” THEN Health
Risk is "Low."

2. If Glycaemia is "High" AND LDL is "High,"
THEN Health Risk is "Moderate."

3. If AST is "High" OR ALT is "High," THEN
Health Risk is "High."

4. If Cholesterol is "High" AND HDL is "Low,"
THEN Health Risk is "Moderate."

Mathematical Simulation
The MATLAB Fuzzy Logic Toolbox facilitated system
simulation. Key steps included:
e Defining and visualizing
functions.
e Implementing the rule base.
e Generating output through the evaluation of
input data.
e Creating 3D surface plots to analyze
relationships between parameters.

membership

VII. RESULTS

Membership Function Plots

Plots of membership functions confirmed their
correctness and ensured smooth transitions between
categories. For instance, the Glycaemia membership
function effectively differentiated between "Normal”
and "High" states.

Surface Plot Analysis

Surface plots demonstrated the interaction between
Glycaemia, LDL cholesterol, and Health Risk. These
visualizations highlighted the model's ability to identify
moderate to high risk levels for combinations of
elevated Glycaemia and LDL.

Health Risk Surface Based on Glicemia and LDL

VIIl. RISK EVALUATION

The patient's data produced a health risk score of
0.55, classified as "Moderate." This score reflects
borderline LDL levels and other parameters within
normal ranges, aligning with clinical expectations.

IX. DiscussioN

The fuzzy logic model provided an interpretable
framework for health risk assessment, effectively
integrating diverse biochemical markers. Its use of
linguistic variables and membership functions mirrors
human reasoning, enhancing its applicability in clinical
environments.

The results reveal the efficacy of fuzzy logic in
addressing the challenges associated with traditional
health risk assessment methods. The integration of
linguistic variables and expert-defined rules allowed
the system to mimic clinical reasoning, making it a
valuable tool for healthcare professionals.

Interpretability and Clinical Relevance

The use of linguistic terms and straightforward rule
bases enhanced the model's interpretability. Unlike
statistical models that often require complex
equations, the fuzzy logic approach aligns more
naturally with human decision-making processes. This
makes the system particularly useful in clinical
settings, where interpretability is crucial.

Robustness to Variability

The fuzzy system demonstrated robustness in
handling variabilty and borderline cases. For
example, the "Moderate" health risk classification for
the patient reflected a nuanced understanding of
borderline LDL levels and normal glycaemia, aligning
with clinical expectations.

Comparative Advantages
Compared to traditional statistical methods, the fuzzy
model excelled in:
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Managing imprecise and uncertain data.

Providing adaptable outputs that accounted for
interdependencies among variables.

Offering flexibility to incorporate additional parameters
without extensive recalibration.

Potential Enhancements
While the current model showed promising results,
future developments could enhance its utility:

Integration with Machine Learning: Machine learning
algorithms could optimize the rule base and refine
membership functions, improving prediction accuracy.

Incorporation of Additional Data: Demographic factors
such as age, gender, and medical history could
provide a more comprehensive risk assessment.

Validation on Larger Datasets: Expanding the dataset
would ensure the model's generalizability and
reliability across diverse populations.

Challenges and Limitations

The study faced challenges in obtaining expert-
defined rules that accurately captured the complexity
of medical conditions. Additionally, the reliance on
single-patient data limits the generalizability of
findings. Future work should prioritize large-scale
validation and automated rule refinement to overcome
these limitations.

The fuzzy logic model offers a promising alternative to
traditional health risk assessment techniques. By
effectively addressing the imprecision and variability
inherent in medical data, it lays the groundwork for
more precise and adaptable clinical decision-making
systems.

Future improvements could involve:

1. Incorporating demographic data such as age
and gender.

2. Leveraging machine learning techniques to
refine the rule base and membership
functions.

3. Validating the model with extensive datasets
to ensure robustness and generalizability.

Despite these limitations, the fuzzy system
demonstrated  superior capability in handling
imprecision compared to traditional approaches. Its
modular structure ensures adaptability for varied
medical scenarios.

X. CONCLUSION

This study underscores the significant potential of
fuzzy logic in health risk assessment, particularly in
addressing the limitations of conventional models. By
integrating biochemical markers and leveraging
expert-defined rules, the model provides a reliable
and interpretable tool for clinical decision-making.

Future research should focus on expanding the
system's capabilities by incorporating additional
parameters and wusing advanced computational
techniques for optimization. The adoption of fuzzy
logic-based models in healthcare settings promises to
enhance the precision and efficacy of risk
assessments, paving the way for proactive patient
management.
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