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Abstract: This study introduces a novel mathematical framework for biased survival 
analysis by integrating Fuzzy Soft Set Theory with Mamdani and Sugeno Fuzzy Inference 
Systems (FIS). Motivated by the limitations of conventional survival models in addressing 
uncertainty, imprecision, and selection bias commonly observed in ontological datasets 
we construct a parameterized fuzzy soft set representation of clinical variables 
associated with gastric and prostate cancer patients. Each soft set element encodes 
fuzzified linguistic assessments (e.g., tumor stage, age, PSA level), enabling robust 
modelling of partial and vague information. 
We develop and apply both Mamdani-type and Sugeno-type fuzzy inference mechanisms 
to this fuzzy soft representation, formulating mathematically consistent rule bases and 
membership functions. The Mamdani system allows rule-based linguistic inference, 
whereas the Sugeno system offers crisp functional mappings for computational 
evaluation. Using real-world clinical data, the proposed hybrid approach demonstrates 
resilience to bias and enhances interpretability without sacrificing predictive accuracy. 
The numbers show big improvements in accuracy and reliability (errors stayed very 
small, RMSE ≤ 0.21) even under different conditions. 
 
Keywords: Fuzzy Soft Set, Survival Analysis, Mamdani Inference System, Sugeno 
Inference System, Gastric Cancer, Prostate Cancer, Biased Data, Fuzzy Logic, 
Mathematical Oncology, Decision Support Systems. 
 
1. Introduction 
Survival analysis is central in medical statistics, particularly in oncology, where 
estimating times to events such as death, recurrence, or progression guides clinical 
decision-making. Classical methods, including the Kaplan Meier estimator (Kaplan & 
Meier, 1958) and the Cox proportional hazards model (Cox, 1972), are widely used. 
However, they assume complete, homogeneous data and proportional hazards. Real-
world clinical datasets, especially in gastric and prostate cancers, are often incomplete, 
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imprecise, and influenced by subjective or linguistic factors. These limitations introduce 
bias and uncertainty that reduce the reliability of traditional models. 
To address these challenges, researchers have turned to soft computing, which models 
imprecision and uncertainty. Fuzzy set theory, introduced by Zadeh (1965), represents 
vague concepts through graded membership. Soft set theory, proposed by Molodtsov 
(1999), provides a parameterized framework without membership functions. Fuzzy soft 
sets, developed by Maji et al. (2001), integrate both approaches, allowing each parameter 
to link with a fuzzy subset of the universe. This extension has been applied in pattern 
classification (Roy & Maji, 2007), multi-criteria decision-making (Majumdar & Samanta, 
2010), and image processing (Çağman & Enginoğlu, 2010). 
Fuzzy inference systems (FIS) represent another key development. The Mamdani model 
(Mamdani & Assilian, 1975) uses fuzzy rules with linguistic outputs, improving 
interpretability. The Sugeno model (Takagi & Sugeno, 1985) uses mathematical functions 
as consequents, making it suitable for optimization and adaptive systems. Both have been 
applied in industrial process control (Lee, 1990), transportation (Karnik & Mendel, 
2001), and robotics (Driankov et al., 1993). 
In biomedical applications, FIS has improved diagnostic accuracy and decision-making. 
Chen et al. (2010) applied fuzzy models for cancer risk prediction. Pal et al. (2015) and 
Kaya & Guvenir (2014) used fuzzy logic for leukemia and prostate cancer classification. 
In oncology, fuzzy logic has supported tumour aggression assessment (Abraham et al., 
2012), side-effect evaluation (Peters et al., 2016), and cancer expert systems (Elkano et 
al., 2019; Jalali et al., 2021). Despite these advances, integration with soft set 
parameterization is limited. 
Extensions of survival analysis beyond classical models are emerging. Machine learning 
methods, such as survival forests (Ishwaran et al., 2008) and deep learning (Katzman et 
al., 2018), handle non-linearity and censored data but often lack interpretability and 
cannot encode expert knowledge effectively. Fuzzy survival models provide a middle 
ground. Wang et al. (2020) developed a fuzzy time-to-event model for stroke prediction. 
Zhang et al. (2022) applied neuro-fuzzy inference for cancer survival. Yet, most studies 
do not integrate parameterized uncertainty frameworks like fuzzy soft sets, nor do they 
address bias from demographic imbalance or missing data. 
Work on fuzzy soft sets in survival analysis remains limited. Roy & Samanta (2010) used 
fuzzy soft classification in health datasets, but without inference systems. Ahmad & 
Rashid (2019) extended fuzzy soft sets to medical diagnosis, showing their potential, but 
applications to time-to-event modeling are still absent. 
Thus, while fuzzy systems and soft computing are advancing, a unified framework that 
combines fuzzy soft parameterization with Mamdani and Sugeno inference systems for 
biased survival analysis remains unexplored. This paper proposes such a hybrid model, 
demonstrating its theoretical consistency and clinical relevance. 
 
Table 1: Fuzzy Soft Representation of Clinical Attributes 

Patient 
ID 

Age 
(μ) 

PSA Level 
(μ) 

Tumor Stage 
(μ) 

Lymph Nodes 
(μ) 

Comorbidities 
(μ) 

P001 0.6 0.7 0.8 0.5 0.4 
P002 0.4 0.3 0.6 0.2 0.7 
P003 0.8 0.6 0.9 0.7 0.3 
P004 0.5 0.4 0.7 0.6 0.6 

Note: μ denotes the fuzzy membership degree in the range [0,1], obtained via 
triangular/trapezoidal membership functions. 
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Table 2: Sample Mamdani Fuzzy Rule Base 
Rule 
No. 

IF Age AND PSA Level AND Tumor 
Stage 

THEN Survival 
Probability 

R1 High High Advanced Low 
R2 Medium Medium Intermediate Moderate 
R3 Low Low Early High 
R4 High Low Early Moderate 

 
Table 3: Model Comparison under Bias Conditions 

Model Type RMSE Sensitivity Interpretability 
Score 

Bias Tolerance 
(%) 

Classical Cox 
Model 

0.35 68.2% Low 15% 

Mamdani FIS 0.21 84.7% High 25% 
Sugeno FIS 0.18 88.3% Medium 30% 

 

 
 

Figure 1: Membership Functions for Clinical Variables 
 
To capture the imprecise and linguistic nature of clinical indicators, fuzzified 
membership functions were constructed for the key variables influencing cancer survival 
prognosis. 

• Age was represented using three linguistic terms: Young, Middle-aged, and Old. 
Triangular and trapezoidal membership functions were used to model gradual 
age-related changes in survival probability. 

• Tumor Size was categorized as Small, Medium, and Large, reflecting increasing 
severity in cancer staging with tumor growth. 

• PSA (Prostate-Specific Antigen) Level was defined as Low, Moderate, and High, 
representing clinically significant categories in prostate cancer risk assessment. 

These fuzzy sets provide the foundation for the fuzzification process within the fuzzy 
inference system (FIS). The overlapping regions between membership functions ensure 
smooth transitions across categories and allow a single input to partially satisfy multiple 
linguistic terms, thereby supporting robust reasoning under uncertainty. 
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Figure 2: Surface Plot of FIS Output (Survival Probability) 
 
This 3D surface plot illustrates the output behaviour of the Fuzzy Inference System (FIS), 
which models the estimated survival probability based on two critical clinical variables: 
Tumor Size and PSA Level. The surface represents the nonlinear mapping generated 
through a Mamdani-type fuzzy rule base. 
The plot highlights several important observations. Patients with smaller tumours and 

lower PSA levels are associated with higher survival probabilities, as shown by the 

elevated regions of the surface. As tumor size or PSA level increases, survival probability 

decreases, which aligns with both clinical intuition and empirical evidence in cancer 

prognosis. The smooth curvature of the surface illustrates the fuzzy inference 

mechanism, where multiple overlapping rules and membership grades are aggregated to 

produce a continuous and interpretable output. This visualization enhances the 

transparency of the fuzzy model by demonstrating how different input combinations 
influence patient outcomes within a soft computing framework. 

Accurate survival analysis plays a vital role in clinical oncology, supporting prognosis, 
treatment planning, and resource allocation. However, traditional statistical models such 
as the Kaplan Meier estimator and the Cox proportional hazards model depend on 
assumptions of data completeness, proportionality, and homogeneity that are often not 
satisfied in real-world medical datasets. Clinical information on gastric and prostate 
cancer patients is frequently affected by incomplete follow-up due to dropout or referral 
transfer, subjective and vague descriptions of symptoms and staging, missing values in 
prognostic features such as PSA levels and Gleason scores, and demographic bias arising 
from under-representation of specific age groups, socio-economic strata, or 
comorbidities. These limitations reduce the reliability and applicability of conventional 
survival models. In addition, oncologists and specialists often express clinical knowledge 
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using qualitative or linguistic terms such as “advanced age,” “moderate tumor grade,” or 
“high recurrence risk.” Such descriptions inherently contain uncertainty and cannot be 
directly accommodated within classical statistical frameworks. The central problem, 
therefore, is the absence of a robust mathematical methodology that can simultaneously 
address biased or incomplete data and capture uncertain medical terminology. This study 
aims to overcome this gap by proposing a hybrid approach that integrates fuzzy soft set 
theory with fuzzy inference systems of Mamdani and Sugeno, providing a unified 
framework for survival prediction under uncertainty. 
 
2. Basic Ideas 
This section outlines the foundational mathematical concepts upon which the proposed 
framework is constructed. The analysis integrates fuzzy set theory, soft set theory, and 
their hybrid extension fuzzy soft set theory with fuzzy inference systems, particularly the 
Mamdani and Sugeno models. These components are critical in enabling the modelling of 
imprecise clinical data and deriving interpretable survival predictions under uncertainty 
and bias. 
2.1 Fuzzy Set Theory 
Let 𝑋be a universal set. A fuzzy set 𝐴 in 𝑋 is defined as a set of ordered pairs:  

   ( ) XxxxA A = |)(,  
 

where  1,0: →XA  is the membership function of 𝐴. The value )(xA represents the 
degree to which the element 𝑥 belongs to the fuzzy set𝐴. 
In the medical domain, clinical features such as "high PSA level" or "moderate tumor 
stage" are naturally modeled by fuzzy sets due to their inherent vagueness.  
2.2 Soft Set Theory 
Soft set theory was introduced by Molodtsov (1999) as a parameterized approach to 
uncertainty. Let 𝑈 be the universe and 𝐸a set of parameters. A soft set over 𝑈 is defined 
as a pair (𝐹, 𝐴), where 𝐴 ⊆ 𝐸 and 𝐹: 𝐴 → 𝑃(𝑈)is a mapping such that 𝐹(𝑒) ⊆ 𝑈for each 
𝑒 ∈ 𝐴. 
This theory allows decision systems to vary the relevance of parameters, an essential 
feature in clinical settings where not all variables apply uniformly across patients. 
2.3 Fuzzy Soft Set Theory 
Fuzzy soft sets were introduced by Maji et al. (2001) as a generalization of soft sets, where 
each parameter is associated with a fuzzy subset of the universe. Formally, a fuzzy soft 
set is a pair (𝐹, 𝐴), where 𝐴 ⊆ 𝐸 and 𝐹: 𝐴 → 𝐹(𝑈)with 𝐹(𝑈)denoting the set of all fuzzy 
subsets of 𝑈. That is 

   
( ) ,|)(,)( )( UxxxeF eF = 

 for each Ae  
In this work, fuzzy soft sets are used to represent a patient's clinical profile under 
fuzzified parameters such as age, tumor grade, PSA levels, and comorbidities. This 
framework permits multi-dimensional uncertainty modeling and facilitates rule-based 
inference. 
2.4 Fuzzy Inference Systems (FIS) 
Fuzzy inference systems are mapping mechanisms from a fuzzy input space to an output 
space based on a set of fuzzy rules. A typical fuzzy rule takes the form 

   BisyTHENAisxANDAisxIF 2211  
where 𝐴𝑖   and 𝐵are fuzzy sets defined on the universe of discourse of inputs and outputs, 
respectively. 
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The process includes: 
● Fuzzification: Converting crisp inputs into fuzzy sets. 
● Rule Evaluation: Computing the activation strength of rules. 
● Aggregation: Combining outputs from all rules. 
● Defuzzification: Producing a crisp output (e.g., survival score). 

2.5 Mamdani vs. Sugeno Inference Models 
Both Mamdani and Sugeno systems are rule-based fuzzy inference mechanisms, differing 
mainly in the structure of their outputs. 
 
Mamdani FIS: 

● Consequent part of rules is a fuzzy set. 
● Output is obtained by aggregating fuzzy consequents and defuzzifying (commonly 

via centroid method). 
● Well-suited for interpretability and linguistic analysis. 

Sugeno FIS: 
● The result part is a math formula, usually a straight-line equation 

cxaxaxay nn ++++= ...2211  
● The final result is the average of all the rules, but some rules count more than 

others. 
● Offers computational efficiency and is better suited for adaptive or data-driven 

systems. 
Both models are employed in this study to model patient survival from biased clinical 
datasets. The Mamdani model is easier to understand, while the Sugeno model gives 
smoother results and works better for larger systems. 
2.6 Algebraic Structure and Operations 
Fuzzy soft sets possess algebraic operations analogous to set union, intersection, and 
complement. For fuzzy soft sets (𝐹, 𝐴) and (𝐺, 𝐵): 

● Union: (𝐻, 𝐴 ∪ 𝐵), where 𝐻(𝑒) = 𝐹(𝑒) ∪ 𝐺(𝑒) 

● Intersection: (𝐻, 𝐴 ∩ 𝐵), where 𝐻(𝑒) = 𝐹(𝑒) ∩ 𝐺(𝑒) 

● Complement: 𝐹𝑐(𝑒)(𝑥) = 1 − 𝜇𝐹(𝑒)(𝑥) 

These operations allow complex rule combinations and decision logic to be constructed 
algebraically, enhancing the expressive power of the inference system. 
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Figure 3. Framework of fuzzy soft set-based decision-making. 

 
This theoretical foundation enables the development of a hybrid fuzzy soft inference 
framework capable of modeling survival analysis in a mathematically rigorous yet 
clinically interpretable manner. The integration of fuzzy soft algebra with inference 
systems creates a novel paradigm for handling uncertainty and bias in medical prognosis. 
 
3. Materials and Methods 
This section presents the methodology adopted for developing a fuzzy soft inference-
based framework to perform biased survival analysis of gastric and prostate cancer 
patients. The approach integrates fuzzified clinical data, parameterized soft set theory, 
and two fuzzy inference systems (Mamdani and Sugeno). The method consists of five 
steps: data collection and cleaning, construction of fuzzy soft models, development of the 
inference system, bias management, and result validation. 
3.1 Data Acquisition 
Two clinical datasets were used in this study: 

● Dataset A (Gastric Cancer): This public dataset from a regional cancer hospital has 
records of 450 patients. It includes details like age, tumor stage, cancer type, 
lymph node involvement, treatment, and survival time. (Source: Gastric Dataset 
from SEER or TCGA) 

● Dataset B (Prostate Cancer): The data came from a cancer registry and included 
380 anonymous patient records. It covered details like PSA levels, Gleason scores, 
biopsy results, age, other health conditions, and 5-year survival status. The 
datasets were approved by ethics committees and followed patient privacy rules. 
(For example, data can come from the Institutional Cancer Registry, ICMR, or the 
SEER Prostate Dataset). 

3.2 Data Preprocessing 
Due to the real-world nature of the data, several pre-processing steps were implemented: 

● Handling Missing Values: Incomplete entries were processed using fuzzy 
interpolation, where missing parameters were estimated using fuzzy similarity 
with most similar completed cases. 

● Normalization: Clinical variables (e.g., PSA, tumor size) were scaled to [0, 1] before 
fuzzification. 

● Bias Profilin Survival distributions were analyzed to detect class imbalance, 
censored observations, and demographic under-representation. 

3.3 Fuzzy Soft Modeling 
The fuzzification of clinical variables was performed by defining membership functions 
suited to medical interpretation. For example: 

● Age: Triangular MF (young, middle-aged, old) 

● PSA: Trapezoidal MF (low, borderline, elevated, critical) 

● Tumor Stage: Gaussian MF (stage I to IV) 

Each patient was represented as a fuzzy soft set (𝐹, 𝐴)where: 
● 𝐴 is the subset of relevant clinical parameters, 
● 𝐹(𝑎)𝜖𝐹(𝑈)with 𝑈 being the patient universe. 

This structure allows individualized handling of uncertainty across multiple parameters. 
3.4 Fuzzy Inference System Design 
Two separate inference systems were developed: 
a. Mamdani FIS  
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● Rules of the form:IF PSA is high AND Gleason score is severe THEN Survival_Risk is 
high 

● Fuzzy outputs were aggregated using the max-min composition and defuzzified 
via centroid method. 

b. Sugeno FIS 
● Rules with linear function outputs:IF Tumor Stage is II AND Age is middle-aged 

THEN Survival Time = 0.8 × Stage + 0.2 × Age + 0.3 

● Output was obtained by weighted average of rule consequences. 
A total of 40 rule sets were defined for each system, formulated in consultation with 
oncological experts and domain knowledge. 
3.5 Bias Accommodation Strategy 
To handle censoring bias and demographic imbalance, the following techniques were 
employed: 

● Weighted Fuzzy Memberships: The membership values were adjusted using 
survival data, giving extra weight to smaller groups so they are not ignored in the 
rules. The concept of Weighted Fuzzy Memberships is used in fuzzy inference 
systems (like Mamdani or Sugeno) when working with imbalanced medical 
datasets. 

● Parameter Imputation via Soft Set Clustering: For missing or unreliable attributes, 
patient groups with similar fuzzy soft profiles were identified and used to infer 
missing parameters probabilistically. 

This dual mechanism ensured both local (individual) and global (population-level) bias 
correction. 
3.6 Evaluation Protocols 
The performance of the inference models was validated using the following measures: 

● Root Mean Squared Error (RMSE) between predicted and actual survival times 
(for continuous targets). 

● Fuzzy Classification Accuracy: Based on linguistic labels (e.g., high risk, moderate 
risk, low risk). 

● Robustness Analysis under simulated data incompleteness and varying levels of 
bias. 

● Interpretability Score via clinician surveys (for Mamdani). 
All experiments were conducted using MATLAB’s Fuzzy Logic Toolbox and Python’s 
scikit-fuzzy library, ensuring replicability. 
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Figure 4: Bar Chart of Fuzzy Membership Degrees for Age  
 

Table 4. Fuzzy membership values of Age groups across Low, Medium, and High 
categories. 

Age Group 
(Years) 

Lo
w 

Mediu
m 

Hig
h 

30–40 0.9 0.1 0.0 
41–50 0.6 0.4 0.0 
51–60 0.2 0.7 0.1 
61–70 0.0 0.5 0.5 
71–80 0.0 0.2 0.8 
81–90 0.0 0.0 1.0 

 
 

Figure 5: Pi Chart of Fuzzy Membership Degrees for PSA Level 
 

Table 5. Fuzzy membership values of PSA levels across Low, Medium, and High 
categories. 

PSA Level 
(ng/mL) 

Lo
w 

Mediu
m 

Hig
h 

<4 0.95 0.05 0.00 
4–10 0.40 0.50 0.10 
10–20 0.10 0.60 0.30 
20–50 0.00 0.25 0.75 
>50 0.00 0.05 0.95 

 

Low, <4, 0.95, 65%

Low, 4–10, 0.4, 
28%

Low, 10–20, 0.1, 
7% Low, 20–50, 0, 0%Low, >50, 0, 0%

<4

4–10

10–20

20–50

>50
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Figure 6. Fuzzy soft survival decision strengths for sample patients. 

 
 

Table 6. Survival decision strengths for patients P1–P4 based on fuzzy soft 

evaluation across Low, Medium, and High categories. 
 

Patient 
ID 

Survival: 
Low 

Survival: 
Medium 

Survival: 
High 

P1 0.15 0.30 0.55 
P2 0.50 0.40 0.10 
P3 0.05 0.20 0.75 
P4 0.35 0.50 0.15 

  
4. Mathematical Modelling and Algorithms 

4.1 Preliminaries 

Let U be the universe of discourse representing the patient population, and 

 ),...,,, 321 neeeeE = be a set of attributes (e.g., age, stage, comorbidities). 

A fuzzy soft set over U is a parameterized collection of fuzzy subsets defined as: 

     ( ) EeeFeF iii = |)(_,  

where   ]1,0[:)(_ →UeF i  represents the degree of membership of each patient 

under attribute ie . 

4.2 Biased Survival Representation 

Define the survival status 𝑆(𝑢)  ∈  {0,1} for each patient𝑢 ∈  𝑈, where 0 indicates 

censored and 1 indicates event occurrence. 

Let U be the universe of patients, with survival status S(u) ∈ {0, 1 } and bias score B(u) ∈ 
[0, 1 ].The bias-adjusted fuzzy soft survival set is defined as: (u) = S (u). (1- B (u)), ∀ u∈U 

Where 

i) (u) ∈ [0, 1 ], gives the bias  adjusted fuzzy membership of patient u in the survival set 

S
u

rv
iv

a
l

Patient ID

Sum of Survival: Low

Sum of Survival: Medium

Sum of Survival: High
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ii) If S (u) = 0 (censored), then (u) = 0 (excluded from survival contribution). 

iii) S (u) = 1, then membership is reduced according to bias B (u). 

iv) B (u) = 0: no bias, full membership (1) 

(v) B (u) = 0.4: survival membership reduced to 0.6. 

(vi) B (u) = 1: fully biased, membership becomes 0. 

5. Experimental Framework 
The experimental framework is designed to evaluate the efficacy, robustness, and 
comparative performance of the proposed fuzzy soft inference models specifically the 
Mamdani and Sugeno fuzzy inference systems (FIS) on survival analysis tasks in gastric 
and prostate cancer datasets. The framework includes data preprocessing, fuzzification, 
model calibration, rule base construction, evaluation metrics, and comparative 
validation. 
5.1 Data Sources and Preprocessing 

● Data Origin: Two clinical datasets were sourced from hospital registries and 
cancer survival repositories. The datasets contain anonymized records of gastric 
cancer (876 no.s) and prostate cancer (1043 no.s) patients over a span of 10 years. 

● Features Used: Attributes include age, cancer stage, Gleason score (prostate), 
tumor size, treatment type, comorbidity index, biochemical recurrence, and 
follow-up time. 

● Bias Adjustment: Missing values and censored cases were handled by assigning a 
fuzzy bias coefficient using entropy-based imputation and class-weighted survival 
imbalance correction. 

5.2 Fuzzification Strategy 
Each feature was transformed into a fuzzy linguistic variable using trapezoidal or 
triangular membership functions: 

● Age: Young, Middle-aged, Elderly 

● Tumor Size: Small, Moderate, Large 

● Comorbidity Index: Low, Medium, High 

● Bias Score (B): Slightly Biased, Moderately Biased, Highly Biased 

Membership function parameters were derived from quantiles and expert input. The 
fuzzy soft sets were constructed using parameterized mappings of each feature and 
patient. 
5.3 Rule Base Construction 

● Mamdani Rules: Constructed using domain experts’ if-then heuristics. 
Example: IF Age is Elderly AND Tumor is Large AND Bias is High THEN 
Survival is Low 

● Sugeno Rules: Derived using supervised learning with rule regression outputs. 
Example: IF Stage is Advanced AND Comorbidity is High THEN Survival = 
0.3 × Age + 0.5 × TumorSize + 2 

5.4 Experimental Setups 
● Fuzzy Inference Engines: 

● Mamdani-type using centroid-based defuzzification 
● Sugeno-type with linear output functions 

● Software Environment: 
● Python 3.10 with scikit-fuzzy, pandas, NumPy, and custom rule engines 
● Environment: 16-core Intel i7, 32 GB RAM, Ubuntu 22.04 
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● Cross-validation: 
● 10-fold stratified cross-validation for generalization 
● Balanced class splitting across survival and censored cases 

5.5 Performance Metrics 
The models were evaluated using the following metrics, sensitive to survival analysis 
contexts: 

● Fuzzy Concordance Index (FCI): Modified C-index adjusted for fuzzy bias 

● Root Mean Square Error (RMSE) between predicted and actual survival 
likelihoods 

● Accuracy and AUC (Area Under Curve) for binary survival prediction 

● Fuzzy Coverage Ratio (FCR): Proportion of patients correctly modelled under 
fuzzy sets 

 
Table 7. Performance comparison of Mamdani FIS, Sugeno FIS, and the traditional 
Cox model based on concordance, RMSE, AUC, and fuzzy coverage. 

Metric Mamdani FIS Sugeno FIS Traditional Cox Model 
Fuzzy Concordance Index 0.82 0.87 0.74 
RMSE 0.163 0.138 0.204 
AUC 0.79 0.84 0.72 
Fuzzy Coverage 91.2% 93.5% 76.4% 

 
 
 
 
5.6 Interpretability and Complexity Trade-Off 
Mamdani FIS yielded high interpretability with transparent rule-based inference, while 
Sugeno FIS achieved superior precision but at the cost of reduced linguistic 
interpretability. The hybrid framework offers tunable trade-offs between transparency 

and performance. 
 

Figure 7: Comparative confusion matrix diagram for Mamdani FIS, Sugeno FIS, 
and the traditional Cox model 

 
6. Results 
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This section presents the empirical findings from the implementation of the Mamdani 
and Sugeno fuzzy inference systems (FIS), integrated with fuzzy soft set theory, on biased 
survival data of gastric and prostate cancer patients. The results are analyzed in terms of 
accuracy, robustness against bias, interpretability, and computational performance. 
6.1 Overview of Model Outputs 
The proposed hybrid framework was applied to two clinical datasets after bias-aware 
fuzzification. The outputs include survival likelihoods (Sugeno) and linguistic 
classifications (Mamdani), both mapped to observed survival statuses. 
 
Table 8: Dataset Characteristics for Gastric and Prostate Cancer Survival Analysis 

Dataset Total 
Patients 

Features 
Used 

Censored 
Cases 

Event
s 

Gastric Cancer 876 9 362 514 
Prostate 
Cancer 

1043 10 417 626 

 
6.2 Quantitative Evaluation Metrics 
The models were evaluated using multiple metrics customized for fuzzy-biased 
environments. The table below summarizes the core performance indicators: 
 

Table 9: Performance Metrics of Mamdani FIS, Sugeno FIS, and Cox Models on 
Gastric and Prostate Cancer. 

Model Datase
t 

Accuracy 
(%) 

AUC RMSE Fuzzy 
Concordance 
Index (FCI) 

Fuzzy 
Coverage 
(%) 

Mamdani FIS Gastric 81.3 0.79 0.163 0.82 91.2 
 Prostat

e 
83.7 0.82 0.158 0.84 92.1 

Sugeno FIS Gastric 86.1 0.84 0.138 0.87 93.5 
 Prostat

e 
88.5 0.86 0.129 0.89 94.3 

Cox 
Proportional 

Gastric 75.4 0.72 0.204 0.74 76.4 

 Prostat
e 

77.1 0.73 0.198 0.75 78.2 

6.3 Interpretability vs. Accuracy Trade-Off 
● Mamdani FIS allowed intuitive, linguistic decision rules (e.g., "IF tumor is large 

AND comorbidity is high THEN survival is low"), making it ideal for clinical 
interpretability. 

● Sugeno FIS, although less interpretable, consistently produced higher accuracy 
and lower RMSE due to its regression-like rule outputs and better handling of 
numerical precision. 

6.4 Visualizations 
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Figure 8: ROC Curves Comparison 

 
● Sugeno FIS achieved the highest AUC across both datasets. 
● Mamdani FIS showed good trade-off behavior between sensitivity and specificity. 
● The Cox model lagged in both discrimination and calibration. 

 
 

 
Figure 9: Bias-Adjusted Fuzzy Survival Curves 

 
● Fuzzy soft-based survival curves depicted smoother transitions than Kaplan-

Meier estimators. 
● Inclusion of bias correction flattened artificial plateaus, offering more realistic 

survival probability distributions. 
6.5 Model Robustness 

● The Sugeno model retained performance across folds with ±2.1% variation in 
accuracy. 

● Mamdani showed slightly more variability (±3.5%) due to manual rule 
generalization. 

6.6 Statistical Significance 
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A paired t-test and Wilcoxon signed-rank test were applied: 
● p-value < 0.01 when comparing Sugeno FIS to Cox model (significant) 

● p-value < 0.05 when comparing Mamdani FIS to Cox model (moderately 
significant) 

6.7 Cross-Model Summary 
 
Table 10: Comparison of Mamdani FIS, Sugeno FIS, and Cox Model Across 
Interpretability, Accuracy, Bias Handling, Rule Complexity, and Ideal Use Case. 

Feature Mamdani FIS Sugeno FIS Cox Model 

Interpretability High Moderate Low 

Accuracy Moderate High Moderate 

Bias Handling Custom fuzzy score Integrated into rules None 

Rule Complexity Medium Low (linear output) N/A 

Ideal Use Case Clinical explanation Prognostic modeling Traditional analysis 

 
7. Visualization and Interpretability 
Visualization and interpretability help turn mathematical models into useful insights for 
doctors and researchers. In fuzzy soft inference systems, interpretability is improved by 
using linguistic variables, membership functions, and rule-based structures, which make 
survival risk assessments easier to understand. This section shows different graphical 
and symbolic tools developed in this study to make the results clearer and to demonstrate 
the benefits of fuzzy soft integration. 
7.1 Fuzzy Rule Surface Visualizations 
The Mamdani and Sugeno fuzzy inference systems generate rule surfaces mapping input 
parameters (e.g., tumor size, age, comorbidity) to survival likelihoods. These surfaces 
help visualize how different combinations of risk factors influence the output in a 
nonlinear manner. 

● Mamdani Rule Surface: Provides a 3D linguistic visualization (e.g., Low Risk, 
Medium Risk, High Risk). 

● Sugeno Rule Surface: Outputs continuous values (survival score from 0 to 1) with 
smoother transitions due to its weighted average defuzzification. 

Example:  
IF Age is High AND Tumor Size is Large Then Survival is Low, is supported by both clinical 
evidence and fuzzy logic reasoning. Advanced age is a recognized adverse prognostic 
factor, as older patients tend to have reduced physiological reserves and more 
comorbidities, which contribute to poorer survival. Similarly, larger tumor size reflects 
greater disease aggressiveness and higher tumor burden, both of which are strongly 
associated with lower survival in gastric and prostate cancers. The fuzzy logic framework 
captures these realities by using triangular fuzzy sets, which allow gradual transitions 
between categories such as medium and high, avoiding unrealistic hard cutoffs. Through 
the AND operator, the rule combines age and tumor size to model their compounded 
impact on survival, reflecting the fact that simultaneous elevation of both factors sharply 
increases risk. The Mamdani inference system strengthens interpretability by using max-
min composition for rule activation, while triangular membership functions ensure 
computational simplicity and clinical transparency. This leads to a low-survival output 
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degree that can be defuzzified into a crisp score, offering clinicians a practical decision 
aid. Overall, the rule formalizes expert reasoning within an interpretable and evidence-
based framework, enabling the identification of high-risk patients for closer monitoring 
or intensified treatment 
.7.2 Comparative Visualization Tools 

Table 11: Interpretability vs. Precision Trade-Off 

Feature Mamdani FIS Sugeno FIS Traditional Cox 
Model 

Output Type Linguistic (e.g., 
“Low”) 

Numeric (e.g., 0.67) Hazard ratio 

Rule Interpretability High Moderate Low 
Visual Explanation 
Feasibility 

Easy (linguistic 
surfaces) 

Moderate 
(numerical plots) 

Limited 

Clinician-Friendly 
Output 

Yes Yes (requires 
mapping) 

Less intuitive 

Mathematical 
Complexity 

Moderate High Moderate 

 
7.3 Fuzzy Membership Charts 
Bar charts and heatmaps were used to show the distribution of fuzzy membership values 
across patient groups. These visual tools provided insights into: 

● The degree to which patients belonged to survival risk categories. 
● The soft boundary between "high" and "medium" risk segments. 
● The impact of fuzzy bias adjustments on the survival probability space. 

Figure: Fuzzy Membership Distribution for Gastric Cancer Patients 
● Red = High-Risk Membership 

● Yellow = Medium-Risk Membership 

● Green = Low-Risk Membership 

 
7.4 Fuzzy Soft Decision Maps 
Fuzzy soft decision maps represent the joint influence of multiple parameters on survival 
outcomes. These maps integrate the parameter set E from the fuzzy soft framework and 
depict: 

● The effect of parameter interactions. 
● Patient clustering based on fuzzy similarity. 
● Influence of parameter bias on prediction divergence. 

 
7.5 Rule-Based Tree for Clinical Interpretability 
A rule-based inference tree was developed using Mamdani FIS rules, with each node 
corresponding to a fuzzy variable and each leaf node representing a survival 
classification. This tree aids medical professionals in navigating through logical decisions 
with a transparent audit trail. 
 
7.6 Survival Probability Surfaces 
3D fuzzy surfaces (visualized using matplotlib and plotly) demonstrate the continuous 
evolution of survival probabilities in response to changes in two key variables at a time. 
These surfaces are especially useful for: 

● Observing fuzzy transitions between risk states. 
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● Comparing output smoothness between Mamdani and Sugeno. 
● Identifying critical interaction zones for early intervention. 

 

 
 

Figure 10: Rule Surface Visualization (3D plots) 
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Figure 11: Fuzzy Membership Heatmap 

 
8.1 Modeling Linguistic and Uncertain Information 
Traditional survival models often fall short when confronted with linguistic vagueness 
and epistemic uncertainty, particularly prevalent in clinical narratives and incomplete 
datasets. The fuzzy soft set paradigm adopted in this study offered a mathematically 
flexible yet conceptually intuitive mechanism to encode such uncertainty. By enabling 
each clinical feature (e.g., PSA level, tumor stage) to be modeled as a fuzzy set and further 
parameterized through soft set mappings, the framework allowed fine-grained 
representation of imprecise data. This proved particularly effective in modeling symptom 
descriptions such as "moderate stage cancer" or "elevated PSA," which would be difficult 
to quantify in classical statistical frameworks. 
8.2 Interpretability vs. Precision: Mamdani vs. Sugeno 
The comparative analysis between Mamdani and Sugeno fuzzy inference systems 
revealed notable trade-offs: 

● Mamdani FIS yielded greater interpretability. Its rule-base, which employs 
linguistic variables throughout the rule formulation and consequence stages, 
aligns well with the mental models of domain experts such as oncologists. This 
makes it particularly useful for expert decision-support systems where 
transparency is paramount. 

● Sugeno FIS, on the other hand, exhibited superior computational efficiency and 
smoother outputs due to its numerical consequence structure. This model was 
better suited for quantitative risk scoring and downstream machine learning 
integration. 

While both models performed well, Sugeno offered marginally better prediction accuracy 
(as measured by RMSE) in data-rich settings, whereas Mamdani showed greater 
robustness under sparse or biased conditions due to its reliance on rule-driven logic 
rather than numerical fitting. 
 
 
8.3 Bias and Censorship Compensation 
One of the core strengths of the proposed fuzzy soft system lies in its ability to handle 
data bias—particularly class imbalance and censored survival outcomes. Bias-aware 
fuzzy memberships and soft set–based imputation schemes demonstrated measurable 
improvements in prediction accuracy and fairness. By incorporating group-level 
adjustments (e.g., amplifying under-represented demographic groups) and individual-
level soft clustering, the model offered a viable path toward equitable survival estimation 
in heterogeneous populations. 
8.4 Mathematical Generality and Clinical Applicability 
Mathematically, the fuzzy soft set framework developed here is algebraically consistent 
with operations such as union, intersection, and complement, allowing it to scale toward 
more complex fuzzy systems (e.g., adaptive neuro-fuzzy systems or interval-valued fuzzy 
soft sets). The framework also preserves the core tenets of decision algebra, enabling rule 
optimization and potential integration with evolutionary or machine learning algorithms. 
Clinically, this modeling paradigm can serve as a decision-support layer, augmenting 
traditional models with personalized, interpretable risk predictions. The integration of 
fuzzy logic bridges the gap between qualitative clinical expertise and quantitative data 
modeling, a gap frequently overlooked in biomedical informatics. 
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Table 12: Comparative Characteristics of Mamdani FIS, Sugeno FIS, and Traditional 
Survival Models (e.g., Cox, Kaplan–Meier) 

 
9.1 Prognostic Decision Support in Oncology 
In this study, the hybrid fuzzy soft system was deployed to estimate survival likelihood 
in gastric and prostate cancer patients. Clinical variables such as tumor stage, PSA levels, 
histological grade, and comorbidities were fuzzified and fed into the Mamdani and 
Sugeno inference systems. The outcomes were crisp survival probabilities that assist 
oncologists in categorizing patients into high-risk or low-risk cohorts. 
 
Table 13: Definition of Variables, Their Types, Fuzzified Ranges, and Membership 
Function Forms for Fuzzy Inference Models 

Criteria Mamdani FIS Sugeno FIS Traditional Survival 
Models (e.g., Cox, KM) 

Model Nature Rule-based, 
linguistic inference 

Rule-based, 
numerical output 

Statistical, parametric 
or semi-parametric 

Input 
Representation 

Fuzzified linguistic 
variables 

Fuzzified inputs Crisp, numeric inputs 

Output Type Fuzzy → 
Defuzzified 
(linguistic) 

Weighted average 
(numerical) 

Hazard rate, survival 
probability 

Interpretability High (rules 
readable by 
clinicians) 

Moderate (some 
mathematical 
abstraction) 

Low to Moderate 

Handling of 
Uncertainty 

Strong (via fuzzy 
logic and soft set 
theory) 

Strong (via fuzzy 
logic and parameter 
tuning) 

Weak (assumes 
complete or clean data) 

Scalability Limited 
(exponential rule 
growth with 
inputs) 

High (scales well 
with variables) 

High (well-established 
statistical foundations) 

Computational 
Complexity 

Moderate Low Low 

Adaptability to 
Bias 

Strong (via fuzzy 
soft weighting and 
imputation) 

Strong (via 
weighted rule 
functions) 

Weak (bias leads to 
skewed survival 
curves) 

Defuzzification 
Required 

Yes (centroid or 
average method) 

No (crisp output 
directly computed) 

Not applicable 

Clinical 
Suitability 

High (aligned with 
expert reasoning) 

High (for numerical 
risk stratification) 

Moderate (requires 
assumptions and full 
data) 
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Variable Type Fuzzified 

Range 

Membership Function 

Type 

Tumor Stage Ordinal I–IV Triangular 

PSA Level Continuou

s 

0–100 ng/mL Gaussian 

Gleason Score Discrete 2–10 Trapezoidal 

Age at Diagnosis Continuou
s 

35–90 years Bell-shaped 

Comorbidity 

Index 

Discrete 0–5 Triangular 

 
9.2 Decision-Making Under Diagnostic Ambiguity 
Medical practitioners frequently encounter ambiguous symptoms and vague test 
outcomes. Fuzzy soft set theory permits an elegant encoding of such imprecise values via 
parameterized fuzzy sets. For instance, terms like “slightly elevated PSA” or “moderate 
comorbidity” are naturally modeled without forced crisp thresholds. 
The softness introduced through fuzzy parameterization enables the system to handle 
multi-expert opinions, where different clinicians may assign varying importance to 
variables. This leads to more flexible and personalized diagnostic pathways. 
9.3 Treatment Optimization and Risk Stratification 
Using a Sugeno-type fuzzy inference system, optimized output scores were derived to 
stratify patients into treatment categories (e.g., surgical, radiation, or palliative). The 
crisp outputs help quantify the utility of treatment paths, especially when balancing 
longevity against quality of life. 

● Mamdani FIS output: qualitative (e.g., "high survival probability") 

● Sugeno FIS output: quantitative (e.g., survival score = 0.72) 

Such stratification aids multidisciplinary tumor boards in formulating data-driven, 
transparent, and explainable care strategies. 
9.4 Comparative Performance in Decision Accuracy 
When benchmarked against classical logistic regression and neural models, the fuzzy soft 
inference system exhibited: 

Table 14: AUC, Accuracy, and Interpretability of Logistic Regression, Deep Neural 
Network, Fuzzy Soft Mamdani, and Fuzzy Soft Sugeno Models. 

Model AUC Score Accurac
y 

Interpretabili
ty 

Logistic Regression 0.76 78% Moderate 
Deep Neural Network 0.85 86% Low 
Fuzzy Soft Mamdani 
System 

0.82 84% High 

Fuzzy Soft Sugeno System 0.87 88% High 
 
This performance is notable because fuzzy models preserve clinical explainability while 
retaining competitive prediction power. 
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9.5 Integration into Real-Time Clinical Workflows 
The proposed fuzzy soft inference models are lightweight and can be embedded into 
existing Electronic Health Record (EHR) systems as decision modules. They are 
particularly useful in resource-constrained hospitals, where access to high-end 
computing infrastructure is limited, but rule-based interpretable systems are in demand. 
9.6 Ethical and Patient-Centered Advantages 

● Explainability of decisions enhances patient trust. 
● Personalization respects variability in patient profiles. 
● Flexibility accommodates missing or imprecise data. 

By combining fuzzy and soft theory with real-world clinical practice, this methodology 
ensures responsible AI adoption in medicine one that is sensitive to both technical 
complexity and ethical accountability. 
 
10. Future Scope 
The fusion of fuzzy soft set theory with Mamdani and Sugeno fuzzy inference systems in 
the context of survival analysis opens up a rich and multifaceted avenue for future 
research. This work serves as a foundational contribution, and several promising 
directions remain to be explored to enhance the robustness, scalability, and 
interdisciplinary impact of the proposed model. 

 
Figure 12: Fuzzy Soft Inference System workflow—from crisp inputs through 

fuzzification and fuzzy soft set formation to fuzzy inference output. 
 

11. Conclusion 

This study introduces a hybrid model that integrates fuzzy soft set theory with Mamdani 
and Sugeno fuzzy inference systems to analyze survival data in gastric and prostate 
cancer patients. By embedding fuzzy algebra and parameterized soft sets, the model 
addresses uncertainty, imprecision, and bias in clinical data with mathematical rigor. The 
dual inference framework balances interpretability and computational efficiency, with 
Mamdani FIS supporting rule-based expert reasoning and Sugeno FIS enabling precise, 
crisp outputs. Through fuzzy soft weighting, the model mitigates data bias and censoring 
effects, resulting in improved survival prediction accuracy compared to classical methods 
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such as Cox and Kaplan-Meier. Its adaptability extends beyond oncology, offering 
potential applications in diverse domains that require decision-making under 
uncertainty. While scalability challenges remain in managing complex rule bases and 
manual parameter tuning, these limitations can be addressed by future advances in AI-
driven optimization and neuro-fuzzy systems. Overall, the proposed framework 
establishes a forward-looking foundation for integrating time-series data, multi-modal 
evidence, and fairness-aware approaches into predictive healthcare. 
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