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Abstract. This research investigates integrating fuzzy logic with logistic regression to
improve predictive performance in binary classification, particularly for diabetes
prediction, where uncertainty makes it challenging. In most cases, the data coming from
the Center for Endocrinology and Diabetes contains some amount of uncertainty,
variation, and missing values, which would jeopardize the performance of the standard
logistic regression model. In an attempt to address the challenge, my research proposes
the combination of fuzzy and logistic for an enhanced prediction model, where the
variables are fuzzified based on the Mode and Centroid. The performance evaluation of
the model and the standard model would be compared through various means. The
findings reveal that the standard fuzzy model and the semi-fuzzy model outperform the
standard model significantly regarding the Recall and F1-Score, which indicates that the
model is much stronger for predicting diabetes, especially during uncertain data. In fact,
the analysis of the model indicates that the most significant factor for the model,
regardless of the model design, would be the Symptom score, followed by the BMI and
Fasting Glucose levels, which provides concrete support that the combination of fuzzy
logic and standard logistic would produce an effective model.
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The Introduction

Data uncertainty has remained one of the most imperative challenges in binary prediction models
using logistic regression. Real-world datasets in health care, economics, and social platforms are
generally vague in terms of measurements or may be based on human judgment. The conventional
logistic regression model may only handle clear and exact values in the predictive inputs. This
limitation has contributed significantly to the rising interest in combining fuzzy logic ideas with
logistic regression methods in improving the accuracy levels and interpretability of data in uncertain
situations.

Recently, the use of hybrid models based on statistical and intelligent approaches has unveiled the
benefit of combining logistic regression analysis and fuzzy logic in improving binary prediction
under conditions of uncertainty. Various current research works underscore the idea that fuzzy logic
functions as a powerful mathematical tool in modeling uncertainty in data. For example, Zhang et
al. (2021) demonstrate the effectiveness of a fuzzy and logistic hybrid approach in improving
classification accuracy for medical data marked with imprecision. Others, like AlI-Hmoud and Al-
Shayea (2022), reveal that fuzzy set combination approaches minimize prediction errors in noisy
situations.

Moreover, (Hosseini , al et,.2024) showed that the use of Z-numbers, including both the value and
the reliability, resulted in reduced prediction errors.

In another research work, a hybrid fuzzy logistic regression model was developed by Zhu et al.
(2025), which bettered the performance of regular logistic regression models for dealing with
uncertain or ambiguous information.

Charizanos et al. (2025) found that fuzzy logistic regression models, which are fuzzy-logic-based
models, were more effective than logistic models in uncertain data conditions, such as fuzzy data,
data imbalance, or disconnection, since fuzzy models provide better results with more accurate
classifications.

Consequently, the combination of fuzzy logic with logistic regression analysis forms a more
realistic modeling system, especially in binary classification problems with uncertain or imprecise
data.
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1t: Objective of the research

This research proposes the development and testing of the hybridization of the fuzzy and the

logistic regression model, which introduces and makes the uncertainty clear through the use of

fuzzy representation for the variables. These include:

1. Handling ambiguous and imprecise values for medical measurements using fuzzy sets and
defuzzification.

2. Increase the accuracy of predictions, improve model interpretability, and improve robustness
over standard logistic regression.

3. Evaluate the influence of fuzzification methods (Mode-based, Centroid-based, Min-based, Max-
based) on model coefficients and classification performance.

4. Provide a structured framework for binary prediction under uncertainty, with a practical
application to diabetes diagnosis.

2"d; Materials and methods
1. Logistic Regression and Its Role in Predicting Binary Variables

A logistic regression analysis is one of the most common methods in statistics that focuses on
binary data, in which the variable under analysis only contains two possible outcomes or categories,
like (Yes/No) or (Presence/Absence), to predict the probability of occurrence of the result based on
various factors. This test needs a logistic function that connects the factors to the probability of
occurrence of the result and distinguishes through interpreting the probability of the binary
outcomes and quantifying the significance of each variable towards the predictive result (Harris,
2021).

— =1
p(Y = 1|X) o /1 + e_BO+Elx1+32x2+33x3+“'+ﬁnxn M

Or equivalently, using the Logit Function:

n
P

Logit(P) =In(5—) = fo + Y Xif )
i-1

Were

P = P(Y = 1|X):The probability of Y equals 1. It is the constant coefficient is coefficient
associated with the independent variables.k: Number of independent variables.

Although logistic regression is very effective in conventional scenarios, the performance of logistic
regression gets adversely impacted when working with imprecise or fuzzy data or data with
uncertainties (Gray & Ferson,. 2021 ,Zanos et al,.2024 ). This particular problem gets highlighted in
health-related, social, and financial contexts because the data in such scenarios tend to be
incomplete or inaccurate. Consequently, the use of fuzzy logic in combination with logistic
regression has emerged as a remedy and has become a combined tool in the shape of a fuzzy-logic
logistic regression model that addresses the issue of uncertainty/ambiguity in data (Charizanos et
al., 2024). With the use of fuzzy logic, both parameters and variables get defined in fuzzy number

forms (B,,X;), and the logistic regression model gets defined by

sy = 1]%) = 1
p(Y = 1|X) B /1 + e—Eo+ﬁ1x1+l~32x2+l~33x3+“'+Ekxk ()
p(Yy =1 |X ): is the fuzzy probability of event occurrence,: are fuzzy coefficients,: are fuzzy
predictors

After obtaining p, defuzzification is applied to produce a final crisp probability for interpretation.
This framework can be illustrated in Figure 1, which shows the relationship between explanatory
variables, the logistic regression function, and the model outputs under fuzzy data conditions:
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Figure (1): Conceptual Framework of Fuzzy Logistic Regression
2- Concept of Uncertainty and Its Forms

Real-world data may be uncertain due to different reasons, like:

*Noise, arising from inaccuracies in measurement or inherent randomness;

* Vagueness arising from the imprecise definition of

* Omitted or incomplete data;

 Unreliability: Lacking confidence or accuracy in the data sources

(Jia & Herrera.,2021) highlights that conventional statistical methods are ineffective in dealing with
this imperfect information, and therefore, there is a need to resort to methods that are able to
express and quantify this uncertainty.

3- Fuzzy Logic as a Mathematical Tool for Modeling Uncertainty

Presented in 1965 by Zadeh, fuzzy logic provides a mathematical structure sufficient for dealing
with imprecision by giving membership levels instead of binary membership values. Membership
functions and fuzzy sets enabled fuzzy logic to handle vagueness and perform reasoning upon
incomplete or possibly incorrect information (Milovanovi¢ & at el, 2021). Recent studies have
supported that combining fuzzy logic enhances decision-making and predictive analysis under
uncertain conditions (Gupta & el at.,2024).

4- Importance of Integrating Fuzzy Logic with Logistic Regression

Recent research has proved that the combination of fuzzy logic with logistic regression helps in
improving the reliability and accuracy of predictions even in uncertain situations. According to
(Ahmadini., 2022) , fuzzy logistic approaches are more accurate in producing results if the inputs
are vague or noisy. Moreover, emphasized that the use of Z-numbers helps in improving prediction
accuracy and interpretability by considering the value and reliability of data.

Consequently, the combination of fuzzy logic and logistic regression analysis forms a more realistic
model framework, especially in binary classifications in situations with uncertain or imprecise data.
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5- Constructing the Mathematical Model for Fuzzy Data

Types of Fuzzy Variables

While designing the fuzzy logistic model, the nature of the fuzzy variable needs to be understood,
which depends on the nature of the data and the degree of uncertainty involved. The various types
of fuzzy variables are.

Triangular Fuzzy Numbers (TFN): These are fuzzy numbers described by three values (a, b, c),
where a ' stands for the minimum point, 'b' stands for the most likely point, and 'c' stands for the
maximum point.

Trapezoidal Fuzzy Numbers (TrFN): These are represented using the values (a, b, ¢, d) where the
membership function takes a linear form and attains 1 between b and c¢ .(Velmurugan &
Udhayakumar,. 2024)

Gaussian Fuzzy Numbers: Gaussian probability distribution with parameters p & o, or standard
deviation (Choucair & et al,. 2025)

Z-numbers: Made up of fuzzy value A and measure of reliability B in expressing uncertainty
(Hosseini , al et,.2024)

Membership Functions

. Triangular
r x<0 , 0
xX—a
a<x<b b a
:uA(x)=< cC—X (4)
b<x<c ,
c—b
\ x>c , 0
eTrapezoidal
r x<0 , 0
XxX—a
a<x<b ,
b—a
ps(x) =4 b<x<c , 1 (5)
< x<d d—x
csX= "d—c
\ x>d , 0
e(Gaussian
_(x=w)?
pa(x) =e 207 (6)

Z-numbers: The fuzzy value A may be defined by each of the above functions, with B being the
reliability weight.

6- Fuzzification of Variables

Fuzzification converts crisp data X; into fuzzy variables X; using appropriate membership functions

na(x) = X; (7
This calculates the degree of membership of each variable to fuzzy categories such as Low,
Medium, or High (Singh et al., 2023).

7- Fuzzy Rule Base

Fuzzy IF-THEN rules describe the relationship between explanatory variables and the dependent
variable

IF Xi is High AND X5 is Medium THEN Y is Likely

IF X is High AND X5 is Medium THEN Y is Unlikely

Rules are implemented using Mamdani or Sugeno inference systems (Cao & et al., 2024).
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Figure (2): Framework of the Hybrid Fuzzy-Logistic Regression Model

In Figure 2, a hybrid fuzzy logistictical system is illustrated, which conducts the input variables into
a fuzzy system and, after defuzzification and logistic regression, derives probability output.

8- Application Part

The dataset contains various key variables regarding patient properties and diabetes information,
developed for assessing fuzzy and logistic regression approaches. A total of 200 patient samples
were obtained from the specialized Center for Endocrinology and Diabetes, including a
representative range of patients, and allowed sufficient data for both logistic regression and fuzzy-
logistic combined approaches. The variables include Age crisp, denoting each patient’s actual age
in years from 30-80, and BMI crisp, body mass index from 18.5-40. The variable Fasting
Glucose crisp defines fasting blood sugar levels from 70-200 units, being paramount in clinical
terms regarding the effectiveness of current glycemic control. The variable Physical ActivityScore
denotes the patient’s physical activity from 0-10. The variable Symptom Score crisp describes the
overall patient’s symptoms from 1-10. The target variable Diabetes true defines a patient’s status
regarding being or not being diabetic (1) or not-diabetic (0), respectively. To incorporate the idea of
uncertainty in this dataset, fuzzy representations are developed. The variables Age mode and
BMI _mode define fuzzy values accounting for the dataset’s mode values; in this dataset, both are
defined equally to the original value in crisp terms. The variables Age centroid and BMI centroid
define Centroid-based fuzzy values calculated based on both lower and upper bounds defined in
terms of the dataset’s mode values. The dataset analysis finally enabled visual representation
through plots depicting properties of various variables, including patients’ age, BMI, fasting
glucose level measurements, patients’ level of physical activity, and patients’ level of symptoms.
We would like to display the graph of various key variables like patients’ age, BMI level, blood
sugar level, patients’ level of physical activity, and patients’ level of symptoms.
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Figure (3): Histogram Distributions of Age, BMI, Glucose, Activity, Symptoms, and Diabetes Status

Figure 3 gives insight into the distribution of some variables in the data, including: Age distribution
between 30-80 years. BMI crisp: The distribution of the Body Mass Index (BMI). Fasting
Glucose crisp: The distribution of the Fasting blood glucose level. Physical Activity Score: The
distribution of the Physical Activity Score. Symptom Score crisp: The distribution of the Symptom
score. Diabetes_true: The distribution of the target variable, Diabetes or not.

Before proceeding with the analysis, we have checked if there are multiple linear relationships
between the variables. The values of the VIF are shown in the table below.

Table (1): VIF values for the variables

Feature VIF
Age_crisp 1.01
BMI_crisp 1.02

FastingGlucose crisp 1.01
PhysicalActivityScore 1.01
SymptomScore crisp 1.02

The VIF values indicate that there is no significant multicollinearity in the dataset, as all VIF values
for the predictors are close to 1, which is generally acceptable.

Table (2): Estimated values of regression coefficients

Feature Crisp Mode-based Centroid-based Min-based Max-based
Data Defuzzification Defuzzification Defuzzification Defuzzification
Age 0.1643 0.1717 0.2056 0.1643 0.1643
BMI 0.2094 0.1853 0.2266 0.2094 0.2094
Fasting Glucose 0.1995 0.2178 0.1902 0.1995 0.1995
Physical 0.1781 0.2232 0.1809 0.1781 0.1781
Activity Score

Symptom Score 0.2489 0.2019 0.1967 0.2489 0.2489

For all modeling techniques utilized, SymptomScore has remained constantly significant compared
to other predictors, ensuring that the severity of symptoms remained the most predictive factor of
diabetes under all circumstances. BMI and FastingGlucose remained significant factors in all
situations with moderate significance levels coupled with coefficients in the range of 0.18-0.23.
Conversely, both PhysicalActivityScore and Age had less significance out of all the factors, and
Age remained the least significant factor in most situations in the Min-based defuzzification
process.
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Table (3): Comparing the differential criteria

Metric Crisp Data Mode-based Centroid-based Min-based Max-based
Defuzzification Defuzzification Defuzzification Defuzzification
AUC 0.4952 0.4008 0.4049 0.4952 0.4952
Accuracy 65.0% 70.0% 70.0% 65.0% 65.0%
Precision 69.64% 71.19% 71.19% 69.64% 69.64%
Recall 90.70% 97.67% 97.67% 90.70% 90.70%
F1-Score 78.79% 82.35% 82.35% 78.79% 78.79%

The result obtained in the comparison of the performance of the logistic regression model on the
original crisp data and those obtained from fuzzy logic-based defuzzification methods indicates that
the use of fuzzy logic in the process leads to significant improvements in the Recall and F1-Score
values. The AUC values obtained in this comparison are especially significant in getting an insight
into the levels of accuracy of the different models. The result obtained indicates that the AUC value
in the crisp data model was 0.4952, while those obtained in the Mode-based and Centroid-based
methods are slightly lower and comparable, being in the range of 0.4008-0.4049. However, the
methods based on Min and Max are identical to those of the crisp data model. The comparison
based on Accuracy levels indicates that while the Accuracy in the logistic regression model on the
crisp data reached 65%, there were only marginal improvements in the values obtained in the
Mode-based and Centroid-based methods, which reached 70%. The Precision values in the
comparison also followed the same trend and improved from 69.64% in the original data model to
71.19% in both the Mode-based and Centroid-based methods. More importantly, the level of Recall
in this comparison showed significant improvements from 90.70% in the original data model to
97.67% in both the fuzzy logic-based defuzzification methods. The significant improvements
observed in the Recall levels in this comparison resulted in significant improvements in the levels
of F1-Score values from 78.

Based on the results above, the logistic regression equation can be presented.

1og< r(y=1 >
r(y=1-1
= 0.1643 * Aeg + 0.2094 * BMI + 1995 * FastingGlucose + 0.1781
* PhysicalActivityScore + 0.2489
* SymptomScore (8)
Prepare the fuzzy Logistic regression equation using mode-based defuzzification based on the

results above. This uses the same equation (2) but with fuzzy variables.

log( p(y=1) )
py=1 -1
= 0.1717 * Aeg — mode + 0.1852 * BMI_mode + 0.2178

* FastingGlucose_crisp + 0.2232 * PhysicalActivityScore + 0.2019

* SymptomScore_crisp 9
Prepare the fuzzy Logistic regression equation using centroid-based defuzzification based on the
results above. This uses the same equation (3) but with fuzzy variables.

10g< p(y =1 )
r(y=1 -1
= 0.2056 * Aeg — mode + 0.2266 * BMI_mode + 0.1902

* FastingGlucose_crisp + 0..1809 * PhysicalActivityScore + 0.1967

* SymptomScore_crisp (10)
We observe from equations (1), (2), (3) that the logistic regression equations across the original data
and fuzzy data share the same structure, but the coefficients differ based on the method of
defuzzification. While fuzzy data shows an effect on coefficient estimates, especially on variables
such as Physical Activity Score and Symptom Score, this reflects improved predictions when the
data are imprecise.
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To confirm reliability, a sensitivity analysis will be performed.
Sensitivity Analysis:

Performed sensitivity analysis by changing the values of Symptom Score crisp and noting the
difference in AUC:

* The values of AUC are relatively stable in the range of variations of Symptom Score crisp, from
0.586 to 0.588. This shows that there are no significant variations in this variable.

ROC Curve:

The ROC curve of the logistic regression model has been plotted, depicting how the logistic
regression model balances the true positive rate with the false positive rate based on different
thresholds. The area under the curve in this particular model depicts the AUC.

At this point in the report, I will complete the analysis by giving reasons for the removal methods
discussed.

Receiver Operating Characteristic Curve
1.0

0.8

0.6

True Positive Rate

0.2

= ROC curve (area = 0.58)
095 0.2 0.4 0.6 0.8 1.0
False Positive Rate

Figure (4) : ROC Curve for the Classification Model

In the following figure, the ROC Curve of the Classification Model is shown, which represents the
True Positive Rate versus the False Positive Rate, with an AUC value of 0.58.

Justification for Fuzzy Logic Removal Methods:

For this analysis, fuzzy logic was incorporated in the logistic regression model in consideration of
the uncertainties in medical data. The approaches in applying fuzzy logic in removing fuzzy
uncertainty in the model are:

1. Mode-Based Defuzzification: This involves using the most frequently occurring value (mode) in
place of the fuzzy variable. This process is quite straightforward, but may not be able to handle
the entire uncertainty in the data. The Mode-Based approach worked well in terms of Recall and
F1-Score values by demonstrating a significant increase in Recall from 90.7% to 97.67%.

2. Centroid-based defuzzification: The Centroid calculation involves the computation of the center
of gravity of the fuzzy set. This gives a more balanced representation of the fuzzy input. This
strategy performed equally well. It resulted in improvements in the same measure as obtained by
the Mode-based strategy.

3. Min and Max based defuzzification: This type of defuzzification involves using either the
minimum or maximum values of the fuzzy set. Although this type of defuzzification yielded
AUC values comparable to the Crisp model, there was no significant increase in Recall or F1-
Score compared to the Mode-based or Centroid-based approaches. The Mode-based and
Centroid-based approaches strike a balance between being simple and effective in modeling the
uncertainty.

At the same time, there is an improvement in the model's capability of identifying diabetes patients.
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Conclusions.

The result of this study proves that the integration of fuzzy logic in logistic regression brings about
significant improvements in predictive accuracy in uncertain data settings. The fuzzy logic models
showed substantially higher Recall and F1 Score values than the conventional crisp model. This
shows that the fuzzy logic models are more sensitive in detecting diabetes cases, which is a critical
concern in clinical applications. The results showed that the Mode-Based and Centroid-Based
methods of defuzzification are more effective in bringing about improvements in various evaluation
metrics. The analysis of feature attribution indicates that the Symptom score feature has the highest
predictive power in detecting diabetes, followed by moderate attribution by BMI and Fasting
Glucose. The Age feature and Physical Activity Score feature have the lowest predictive power.
The combination of fuzzy logic and logistic regression provides a more realistic and adaptive way
of dealing with complex data in the healthcare sector.

References

1. Ahmadini, A. A. H. (2022). A novel technique for parameter estimation in intuitionistic fuzzy logistic regression
model. Ain Shams Engineering Journal, 13(1), 101518. https://doi.org/10.1016/j.asej.2021.06.004

2. Cao, J., Zhou, T., Zhi, S., Lam, S., Ren, G., Zhang, Y., ... & Cai, J. (2024). Fuzzy inference system with
interpretable fuzzy rules: Advancing explainable artificial intelligence for disease diagnosis—A comprehensive
review. Information Sciences, 662, 120212. https://doi.org/10.1016/].ins.2024.120212

3. Charizanos, G., Demirhan, H., & icen, D. (2024). Binary classification with fuzzy logistic regression under class
imbalance and complete separation in clinical studies. BMC Medical Research Methodology, 24(1),
145.https://doi.org/10.1186/s12874-024-02270-x

4. Choucair, Z., et al. (2025). Fuzzy Cooperative Games with Coalition Values Based on Gaussian Fuzzy Numbers.
Journal Name.

5. Ganjgah, M. H., Azhdari, P., & Vajargah, K. F. (2025). A hybrid stacking ensemble approach combining fuzzy
logistic regression and fuzzy neural networks for enhanced COVID-19 diagnostic accuracy. Discover Applied
Sciences, 7(10), 1106. https://doi.org/10.1007/s42452-025-07456-6

6. Gray, N., & Ferson, S. (2021). Logistic regression through the veil of imprecise data. arXiv.

7. Gupta, K., Kumar, P., Upadhyaya, S., Poriye, M., & Aggarwal, S. (2024). Fuzzy logic and machine learning
integration: Enhancing healthcare decision-making. International Journal of Computer Information Systems and
Industrial Management Applications, 16(3), 20-20.

8. Harris, J. K. (2021). Primer on binary logistic regression. Family medicine and community health, 9 (Suppl 1),
€001290. https://www.ncbi.nlm.nih.gov/pmc/articles/PMC8710907

9. Hosseini, S., Gordan, B., & Kalkan, E. (2024)“Development of Z number-based fuzzy inference system to predict
bearing capacity of circular foundations.” Artificial Intelligence Review, 57:146. https://doi.org/10.1007/s10462-
024-10772-9

10.Jia, Q., Hu, J., & Herrera-Viedma, E. (2021). A novel solution for $ Z $-numbers based on complex fuzzy sets and
its application in decision-making system. [EEE Transactions on Fuzzy Systems, 30(10), 4102-4114. DOI:
https://doi.org/10.1109/TFUZZ.2021.3138649

11.Milovanovi¢, V. R., Aleksi¢, A. V., Sokolovi¢, V. S., & Milenkov, M. A. (2021). Uncertainty modeling using
intuitionistic ~ fuzzy numbers. Vojnotehnicki  glasnik/Military — Technical — Courier, 69(4), 905-929.
https://www.redalyc.org/journal/6617/661770260006/html/?utm_source=chatgpt.com

12. Velmurugan, S., & Udhayakumar, R. (2024). Analysis of Fuzzy Membership Function on Greenhouse Gas
Emission Estimation by Triangular and Trapezoidal Membership Functions in Indian Smart Cities. Contemporary
Mathematics, 2508-2530. https://doi.org/10.37256/cm.5220243968

13.Zanos, G., Charizanos, S., & Papamarkos, N. (2024). Binary classification with fuzzy logistic regression under class
imbalance and complete separation in clinical studies. BMC Medical Research Methodology, 24, Article 145.
https://doi.org/10.1186/s12874-024-02270-x

14.Zhu, F., et al. (2025). A hybrid stacking ensemble approach combining fuzzy logistic regression and fuzzy neural
networks for enhanced COVID-19 diagnostic accuracy. Discover Applied
Sciences.https://link.springer.com/article/10.1007/s42452-025-07456-6

ISSN:2222-2995 E-ISSN:3079-3521 Vol. 16 No. 1 10


https://doi.org/10.1016/j.asej.2021.06.004
https://doi.org/10.1016/j.ins.2024.120212
https://doi.org/10.1186/s12874-024-02270-x
https://doi.org/10.1007/s42452-025-07456-6
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC8710907
https://doi.org/10.1007/s10462-024-10772-9
https://doi.org/10.1007/s10462-024-10772-9
https://doi.org/10.1109/TFUZZ.2021.3138649
https://www.redalyc.org/journal/6617/661770260006/html/?utm_source=chatgpt.com
https://doi.org/10.37256/cm.5220243968
https://doi.org/10.1186/s12874-024-02270-x
https://link.springer.com/article/10.1007/s42452-025-07456-6?utm_source=chatgpt.com

