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Fuzzy Linear Regression with Symmetric Parameter Clustering with Support Vector
Machine (FLRWSPCSVM). Secondary data was obtained from a general hospital in
Kuala Lumpur. It includes 180 colon cancer patients as respondents, with data
collected and recorded by nurses using cluster sampling. The size of the tumor is the
dependent variable, while colorectal cancer symptoms and factor are the independent
variables. Mean square error (MSE), root mean square error (RMSE), mean absolute
percentage error (MAPE), and mean absolute error (MAE) are used to evaluate the
colorectal cancer; fuzzy linear regression;  performance of these models. The results indicate that FLRWSPCSVM outperforms
multiple linear regression; hybrid model; MLRCSVM in terms of accuracy and robustness in handling uncertain or noisy data,
error metrics highlighting its potential as a powerful tool for early colorectal cancer diagnosis.
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1. Introduction

Colorectal cancer (CRC) is the most prevalent type of cancer that affects the digestive tract. It is
the second most common cause of cancer-related death worldwide and the third most common
cancer in both men and women. Given the poor prognosis of CRC, it is of great importance to make
a more accurate prediction of this disease. According to Yadav & Kumar [1], early diagnosis,
appropriate treatment strategy, accurate assessment of treatment response, and correct prognosis
are essential for a better result. Research conducted by Phillips et al., [2] identifies factors linked to
colorectal cancer screening initiation at age 50 among individuals aged 50-75, using descriptive and
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logistic regression methods. According to the study, there is limited widespread screening for
average-risk individuals in Malaysia due to the low prevalence of colorectal cancer. Yusoff et al., [3]
investigated participation and obstacles to colorectal cancer screening in Malaysia, highlighting that
it is the most common cancer in males and the third most common in females.

According to Sawicki et al., [4], among all cancers, lung cancer ranks first across both genders,
accounting for approximately 11.6% of total cases. For women, breast cancer shares the same
percentage, while prostate cancer is the second most common type of cancer in men at 7.1%.
Colorectal cancer (CRC) stands as the third most common cancer (6.1%) and the second leading cause
of cancer-related deaths (9.2%). A study by Douaiher et al., [5] suggests that by 2035, fatalities from
rectal and colon cancer will rise by 60% and 71.5%, respectively. Hannisdal & Thorsen [6] analyzed
prognostic factors such as Dukes' stage, age, and inflammatory markers using regression techniques,
emphasizing the importance of these variables in survival outcomes. By examining the correlations
between a dependent variable and several independent factors, multiple linear regression (MLR)
makes it easier to identify important predictors of colorectal cancer [7]. While hybrid MLR models
offer valuable insights, they face challenges, including model assumptions and the need for robust
diagnostic procedures to ensure accurate and reliable predictions.

Fuzzy concept capable of managing uncertainty data that is not precise to a specific point value.
There are a lot of researchers’ studies that involve fuzzy. One of the researchers, Nopour et al., [8],
develops a fuzzy logic-based clinical decision support system (FL-based CDSS) to identify CRC patients.
Chaira [9] studied the novel intuitionistic fuzzy c-means clustering method using intuitionistic fuzzy
set theory effectively clusters that group CT scan brain pictures efficiently and aid in the identification
of abnormalities. Ramathilagam et al., [10] proposed a fuzzy probabilistic c-means method to
effectively identify cancer subtypes in colon cancer datasets, improving clustering accuracy and
enhancing interpretability of the structure. Fuzzy c-means is one of the most popular ongoing areas
of research among all types of researchers, including computer science, mathematics, and other
areas of engineering, as well as all areas of optimization practices. Nayak et al., [11] conducted a
survey on FCM and its applications in more than one decade to show the efficiency and applicability
in @ mixture of domains. Early CRC detection using computational technologies can significantly
improve the overall survival possibility of patients.

In predicting colorectal cancer (CRC) risk, hybrid fuzzy linear regression models are becoming
increasingly important, especially when dealing with uncertain and variable patient data. These
models combine fuzzy logic with conventional regression methods to improve predictive accuracy
and ease of interpretation. Zeng & Zheng [12] mentioned that by estimating parameters with precise
inputs and fuzzy outputs, fuzzy linear regression can minimize least square errors to draw significant
conclusions. According to Bisserier et al., [13], a modified version of the fuzzy linear model can
encompass observed data, ensuring a comprehensive representation of output evolution, which is
vital for assessing CRC risk. In hereditary non-polyposis colorectal cancer patients, fuzzy modeling has
been successfully employed to predict CRC risk, uncovering significant associations between genetic
mutations, smoking, and CRC risk by Brand et al., [14]. Zhang et al., [15] proved the integration of
fuzzy regression with machine learning algorithms enhances diagnostic capabilities, achieving high
levels of sensitivity and specificity in detecting CRC. Both models perform well. Hence, this study
aimed to compare FLRWSPCSVM and MLRCSVM to predict colorectal cancer.
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2. Methodology
2.1 Data Scope

This research utilized secondary data from a general hospital in Kuala Lumpur, involving 180 colon
cancer patients as respondents. Nurses collected and documented the data using cluster sampling.
The study incorporated continuous data, including dependent and independent variables. The tumor
size served as the dependent variable, while independent variables consist of twenty-five variables
about the symptoms and factors involved. All the twenty-five variables are explained in Table 1. The
tumor sizes investigated ranged from 20mm to 100mm. Doctors conducted face-to-face interviews
with patients regarding their colorectal cancer experiences, obtaining immediate responses. The
guestionnaire consists of twenty-four variables, excluding TNM staging. Colorectal cancer staging
focuses on the tumor's size and its spread within the human bowel from a polyp. Medical
professionals used tests and scans to determine the cancer stage in patients. Tumor, node, and
metastases (TNM) are widely employed in oncology worldwide. According to the American Cancer
Society [16], TNM describes the primary tumor's size (T), the presence of cancer cells in lymph nodes
(N), and cancer spreading to other body parts (M).

Table 1

A detailed explanation of the variables used

Variables Variable Name Variables Category
Y Tumor size Dependent variable
X, Gender Factor
Xy Age Factor
X3 Ethnic Factor
Xy Family history Factor
Xg Small bowel Symptom
X Weight loss Symptom
Xy Diarrhea Symptom
Xg Anemia Symptom
Xqg Blood stool Symptom
X10 Abdominal pain Symptom
X11 icdl0 (Place where CRC Symptom

existed by patient)

X1z TNM Symptom
Xq13 Diabetes Mellitus Symptom
X14 Crohn's Disease Symptom
Xq5 Ulcerative collitis Symptom
X16 Polyp Symptom
X17 History of cancer(s) Factor
X1g Endometrial Symptom
X19 Gastric Symptom
X320 Urinary tract Symptom
X1 Hepatobiliary Symptom
Xgo Ovarian Symptom
X553 Other cancer Factor
Xo4 Intestinal Symptom
Xye Colorectal Symptom
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2.2 Model Scope

This study employs r-value and the coefficient of determination (r2) to assess the correlation
within a dataset explained by a statistical model. Subsequently, multiple linear regression, as a linear
model, must satisfy certain assumptions before analysis can proceed. These assumptions include
constant variance, normal distribution, and absence of multicollinearity. Following this, the analysis
will focus on identifying significant variables and calculating metric errors. Identifying significant
variables is crucial for determining factors and symptoms that provide valuable information for early
detection and prediction of colorectal cancer. The MLRCSVM model consists of three stages. The first
stage involves with multiple linear regression (MLR) to handle the linear relationships between
features. Then, clustering is applied to segment the data into k clusters based on feature similarity,
and the last stage is SVM classification to classify the data into CRC and non-CRC categories based on
the clusters formed.

Furthermore, various fuzzy linear models will be applied, including fuzzy linear regression (FLR),
fuzzy linear regression with symmetric parameter (FLRWSP), fuzzy linear regression with asymmetric
parameter (FLRWAP), and fuzzy c-means method. Among these, FLRWSP is expected to perform best
based on MSE, RMSE, MAE, and MAPE values. This model will be combined with fuzzy c-means
clustering to create an optimal model for predicting colorectal cancer tumor size. Additionally,
support vector machines (SVM) will be utilized to enhance tumor size prediction accuracy. These
methods aim to minimize errors in MSE, RMSE, MAE, and MAPE values for predicting colorectal
cancer tumor size. The model yielding the lowest values across these metrics will be selected as the
optimal model for predicting colorectal cancer tumor size. Achieving the best model is crucial for
obtaining an approximation that closely predicts tumor size, particularly in the early stages (stages |
and Il) of colorectal cancer.

2.2.1 Multiple Linear Regression

In colorectal cancer (CRC) research, multiple linear regression (MLR) plays as a significant tool for
analyzing and forecasting outcomes. This method is applied to examine the relationships between
colorectal cancer tumor size and the symptoms and factors involved. Yang et al., [17] have utilized
MLR to evaluate prognostic elements influencing post-surgery survival rates in CRC patients, where
essential independent factors discovered include Dukes stage and tumor differentiation. The
research reported 3- and 5-year survival rates of 63.2% and 60.8%, respectively, underscoring MLR's
significance in survival analysis. In a specific study by Shafi et al., [18], MLR was applied to assess
mortality rates across various CRC stages.

According to Kunter et al., [19], it is essential to consider and fulfill the assumptions of a
regression model before its implementation. Brant [20] outlined the key assumptions for multiple
linear regression models. To ensure reliable outcomes in multiple linear regression, several
conditions must be met. Firstly, there should be a linear relationship between the independent and
dependent variables, with changes in predictors having a direct, proportional effect on the outcome.
Secondly, the error variance should remain constant across all predictor levels (homoscedasticity),
ensuring consistent predictions. Thirdly, multicollinearity should be avoided, meaning that
independent variables should not be highly correlated with each other, as this can obscure their
individual impacts. Lastly, the residuals of the model should be normally distributed to guarantee
accurate and easily interpretable results.

According to Osborne [21], the multiple linear regression model can be expressed in Eq. (1).
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Yi = Bo + PrXis + BoXip + -+ BiXi; + € (1)

where Y; represents the dependent variable, By, 51, B, B; are constant values, and X;; ... X;; denote
unknown parameters or independent variables. The findings revealed that extended fuzzy
correlation and regression analysis outperformed traditional MLR in this context.

2.2.2 Fuzzy Linear Regression

In the realm of colorectal cancer (CRC) research, fuzzy linear regression (FLR) has proven to be an
invaluable method for predicting outcomes, especially when dealing with imprecise and uncertain
data. This technique is particularly useful in clinical environments where patient information may be
ambiguous. Tanaka [21] introduced the concept of fuzzy linear regression. His research explored the
use of fuzzy linear functions in regression analysis for ambiguous phenomena. Typically, in regression
models, discrepancies between observed and estimated values are attributed to measurement
errors. Additionally, according to Tanaka [21], these discrepancies were thought to be influenced by
the ambiguity of the system's structure.

Consider two sets, X and Y, and a function f(x,a) that maps X to Y. When parameters are
represented by fuzzy sets 4, the function is termed a fuzzy function, denoted as f (x, A). For a given
x, the fuzzy setY = f(x, A) is mapped from the fuzzy set A and defined as in Eq. (2).

f:X-80); Y=/f(x4) (2)

where &(y) is the set of all fuzzy subsets on Y. The fuzzy set Y is defined by the membership function
in Eq. (3).

Uy (y) = {max @y=rxay  laly=flna}*0 "
0 otherwise

where p4(a) is membership function and a is a fuzzy set on the product space of parameters. Eq. (1)
was given x and its image was A. The fuzzy parameters were assumed to be limited types of fuzzy
sets. Fuzzy parameters were defined by fuzzy sets as illustrated in Figure 1. The fuzzy sets are in Eq.
(4) and Eq. (5).

pa(a) = minfu, (ar)] (4)

where

HAf(af) = 3f (5)
0 otherwise

and 35 > 0.

245



Journal of Advanced Research Design
Volume 144 Issue 1 (2026) 241-253

{
Ha A

v

o,

Fig. 1. Fuzzy set of parameters

Researchers have employed FLR to forecast tumor’s size in CRC patients, showing enhanced
precision compared to conventional linear regression techniques. Zolfaghari [22] revealed that
utilizing FLR with fuzzy data produced superior predictions, with the fuzzy linear regression model
achieving the lowest metric errors.

2.2.3 MLRCSVM Model

A combined approach utilizing MLR and support vector machines was created to estimate tumor
size in CRC, exhibiting improved performance with reduced mean square error (MSE) and root mean
square error (RMSE) compared to conventional MLR, according to Shafi et al., [18]. By combining MLR
with other approaches like support vector machines, it enhances predictive accuracy, making it an
invaluable resource in clinical environments. There are assumptions needed in this hybrid model. The
three assumptions apply, such as constant variance, normality, and multicollinearity. Modeling of
MLR clustering is a combination of the MLR and FCM methods. SVM model to be chosen to hybrid
because SVM is a linear model that is not too sensitive to outliers and can minimize the error of the
model. Furthermore, the SYM model used different software to find the residual, and the software
used is Weka Explorer software. The calculation of SVM model residual is explained as in Eq. (6).

& = YS - )75 (6)

where &g is residual of SVM, Y5 is observation data of SVM and ¥ is the prediction data of SVM.
According to Shafi et al., [23], there are five steps involved in making a new hybrid MLRCSVM model:
Step 1: Identify the higher value of correlation, r between Y and X;.

n(ZXY)—(ZX)(ZY)
/X2 (ZX)2|[nZY2—(2Y)?] 7
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where n is number of samples, X is independent variable, Y is dependent variable. If there are many
values of r between Y and X;, find several Y and X; with a higher value of r or consider the Y and X;
with 7 is higher than 0.40.

Step 2: The first stage of hybrid is the modeling of MLR clustering, which is a combination between
MLR and fuzzy C-means. The combination of clustering between MLR and FCM is based on Y data
alone and Y data toward independent variables, which have a higher correlation value. The best of
MLR clustering will be chosen based on the smallest values of MSE and RMSE.

Step 3: Determine the residual of MLR clustering and SVM.

Step 4: The second stage of hybrid is making the new hybrid data using the equation in Eq. (8).

Yuiresym = Ly + Ns (8)

where Yy resvm IS @ new dataset, Ly, is the residual of MLR clustering (linear model), and N is the
residual of SVM model (linear model).

Step 5: Modeling a hybrid model using the MLR method and the SVM method, where the final new
erroris in Eq. (9).

ERRORfinal — (nyXERRORpMLR)+(M2XERRORsy M) (9)

ni{+n,

where n;and n, are the numbers of data for cluster 1 and cluster 2, respectively. ERRORy; is the
number error of MLR clustering, and ERRORgy), is the SVM model's error number. Error values
would be the values of MSE, RMSE, MAE, and MAPE.

2.2.2 FLRWSPCSVM Model

There is no assumption needed in this hybrid model. Modeling of FLRWSP clustering is a
combination of FLRWSP and FCM method. The combination between FLRWSP and the FCM method
is based on the higher value of r. Shafi et al., [23] introduced a new hybrid FLRWSPCSVM model to
predict colorectal cancers. According to Shafi et al., [23], there are five steps involved in creating a
hybrid model shown below:

Step 1: Identify the correlation with the greater value Y versus X; as shown in Eq. (7).

Step 2: The modeling of FLRWSP clustering, which combines FLRWSP and fuzzy C-means with h =
0.5 in FLRWSP, is the first stage of the hybrid. The lowest MSE and RMSE values among five higher
correlation variables will be chosen using the FCM method.

Step 3: Find the FLRWSP clustering and SVM residual.

Step 4: the second stage of hybrid is making the new hybrid data using the equation in Eq. (10).
Yerrwspcsvm = Lp + N (10)
where Yr rwspesvm iS @ new dataset, Ly is the residual of FLRWSP clustering (non-linear model), and
N is the residual of SVM model (linear model). SVM model to be chosen to hybrid because SVM is a
linear model that is not too sensitive to outliers and can minimize the error of the model.

Step 5: Modeling a hybrid using the FLRWSP method, the final error can be measured as in Eq. (11).

(n1XERROR1)+(n;XERROR)+:+(njXERROR})

ERRORp rwspcsvm = (11)

ny+ng+-+n;
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where nq, n,, n;are the number of data for cluster 1, cluster 2 until cluster j respectively. ERROR,,
ERROR,, ERROR; is the error of FLRWSPCSVM model cluster 1, cluster 2 until cluster j respectively.
Error values would be the values of MSE, RMSE, MAE and MAPE. This new hybrid method was
introduced by Shafi, et al., [23].

2.3 Cross Validation Technique

Evaluating predictive models relies heavily on cross-validation techniques, which employ various
metrics to assess performance and generalizability. These metrics include MSE, RMSE, MAE and
MAPE. According to Tarekegn et al., [24] MSE measures the average squared difference between
predicted and actual values, giving more weight to larger errors, while RMSE provides error in the
same units as the output, enhancing interpretability.

MSE is represented by Eq. (12), with lower values indicating better predictive performance.

=Lyn (v 92
MSE = n l=1(yl yl) (12)

RMSE, shown in Eq. (13), is more easily understood due to the same units as the target variable.

Lower RMSE values signify better performance.

RMSE = \/%Z;Ll(yi = J)? (13)

MAE, as shown in Eq. (14), offers a straightforward interpretation by calculating the average of
absolute differences. It demonstrates greater resilience to outliers compared to MSE and RMSE.
Superior model performance is indicated by lower MAE values.

1 N (14)
MAE =~ Y |y — 9l

MAPE, depicted in Eq. (15), is beneficial for assessing error magnitude relative to actual values.
Enhanced predictive accuracy is reflected by a reduced MAPE value. This metric is particularly
valuable when comparing models across datasets with different scales.

100 lyi—9il
MAPE = — ?=1y—l- (15)

Although these metrics are commonly employed, they have certain limitations. MSE and RMSE
can be sensitive to outliers, while MAPE may be challenging to interpret when actual values approach
zero. Consequently, selecting the appropriate metric is essential for accurate model evaluation.

3. Results
3.1 Evaluation of MLR and SVM Hybrid Model Performance for Predictive Analysis

Table 2 shows independent variable, x5 is chosen for clustering because it reached the smallest
error value compared to the other values with MSE = 23.476.
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Table 2
Correlation between Y and X; using MLR
Correlation Correlation value MSE value
Y — x4 0.942 119.194
Y —x, 0.914 119.193
Y —x3 0.000 23.476
Y —x, 0.820 119.188
Y —x; 0.225 119.018
The estimate MLRC model equation as in Eq. (16).
Y =0.969 + 0.972x; (16)
Table 3
Summary of the MLRC
Methods Value
MSE 19.144
RMSE 4.375

There are 1000 data in the residual of SVM. The maximum value is 35.38 while the minimum
value is -47.38. The residual of SVM model is shown in Figure 2.

-60

Fig. 2. Residual of SVM model

Table 4 shows the summary of validation techniques using MSE, RMSE, MAE and MAPE for the

MLRCSVM model.

Table 4

MSE, RMSE, MAE and MAPE value of the MLRCSVM model
Methods Value
MSE 1.842
RMSE 1.357
MAE 0.813
MAPE 1.853
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3.2 Optimization of Fuzzy Linear Regression with Symmetric Parameters (FLRWSP) for Predictive
Accuracy

Zolfarhani et al., [22] introduced the FLRWSP model utilizing FLR. The study incorporated five
predictor variables and one dependent variable, focusing on prediction data. Matlab software was
employed to determine MSE and RMSE values, followed by optimizing the degree of fitting triangular
fuzzy "h". The optimal prediction model for simulation data was identified by the h value yielding the
lowest MSE and RMSE. Tables 5 present the analysis results of MSE and RMSE values by degree of
fitting while Table 6 presents the analysis results of fuzzy parameter focusing on, h = 0.8.

Table 5
MSE and RMSE value by degree of fitting (h value)
h MSE values RMSE values
0.0 43094.705 207.593
0.1 109137.966 330.360
0.2 24675.711 157.083
0.3 1025.103 32.017
0.4 475.419 21.804
0.5 183.311 13.539
0.6 196.127 14.005
0.7 166.221 12.926
0.8 164.566 12.823
0.9 187.289 13.685
1.0 60905537.54 7804.199
Table 6
Fuzzy parameter, h = 0.8, Zolfarhani et al., [22]
Fuzzy parameter Center, a; Width, ¢;
Constant 5.9202 0
Ay 0.305 2.733
A, -0.015 0.054
A, -0.011 0
A, 0.356 0
Ag 0.545 0.171

The fuzzy parameter outcomes revealed that h = 0.8 provided the best prediction in simulation
data, using the smallest possible degree of fitting triangular fuzzy. «; is a center of fuzzy parameter
and c; denotes the fuzziness of parameter (width). Table 6 displays the fuzzy parameter values for
the five predictor variables. The fuzzy mean value of tumor size (mm) can be explained by A¢ with
the highest fuzzy parameter=0.545. The vagueness of simulation data can be explained by 4,, A, and
As. Moreover, the fact that A, and A; were negative depends on the correlations between A, and
As.

The estimated parameter of fuzzy linear regression with symmeric parameter model for
simulation data is as in Eq. (17).

7 = 5.920 + (0.305,2.733)4, + (—0.015,0.054)4, + (—0.011,0)45 + (0.356,0)4, + (0.545,0.171)A45 (17)

250



Journal of Advanced Research Design
Volume 144 Issue 1 (2026) 241-253

@

The FLRWSP model, combining fuzzy linear regression with symmetric parameter and fuzzy c-

means, was selected due to its lower error values compared to other fuzzy linear regression models

in this study, with an MSE of 274.007 and RMSE of 16.553. Fuzzy c-means clustering does not require

preceding assumptions before analysis. The study analyzed 1000 observations of raw data using

Microsoft Excel and Matlab software.

Table 7

MSE value for independent variables chosen toward

dependent variables

Cluster 1 Cluster 2 MSE value

Y — A;(h=0.5) 20.417 28.521 24.500
(496 data) (504 data)

Y —-A4,(h=01) 21.057 27.801 24.327
(515 data) (485 data)

Y — A4,(h=0.0) 19.484 29.969 24.716
(501 data) (499 data)

Y —A,(h=0.2) 20.540 27.315 23.731
(529 data) (471 data)

Y — A;(h=0.3) 20.128 28.817 24.681

(476 rows of data)

(524 rows of data)

Table 7 shows the comparison MSE value between Y and Az, A4, A3, A5, and A;. Based on the
Table 7, Y — A, (h =0.2) is chosen as the best clustering with the smallest value of error MSE value

23.731.

3.3 Modelling a hybrid data using FLRWSP method and SVM method

In FLRWSPCSVM models, procedure 1-5 mentioned in Section 2.2.2 needs to be fulfilled in order
to get better results. The summary of the model shown in Table 8 proves that FLRWSPCSVM is the
best model for simulation data prediction with the lowest MSE and RMSE values of 1.783 and 1.335
compared to other models such as MLR, FLR, FLRWSP, FLRWAP, and SVM.

Table 8

MSE, RMSE, MAE and MAPE value of the FLRWSPCSVM model
Methods Value

MSE 1.783

RMSE 1.335

MAE 0.764

MAPE 1.594

Table 9 summarizes the performance metrics including MSE, RMSE, MAE, and MAPE for several

predictive models based on simulation data.

Table 9

Summary of MSE, RMSE, MAE and MAPE value for all models (simulation data)
Models MSE RMSE MAE MAPE
FLRWSP 183.311 13.539 10.851 25.093
FLRWAP 79738.326 282.379 276.898 552.996
SVM 24.137 4912 1.049 2.009
MLRCSVM 1.842 1.357 0.814 1.853
FLRWSPSVM 1.783 1.335 0.764 1.594
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Table 9 indicates that the hybrid FLRWSP clustering with SVM model demonstrates the lowest
MSE (1.783), suggesting it best fits the simulation data. In contrast, the FLRWAP model exhibits the
highest MSE (79738.326), indicating a poor fit relative to other models, which is also reflected in the
RMSE results. The hybrid FLRWSP clustering with SVM model also shows the smallest MAE (0.764),
further confirming its predictive accuracy. Conversely, the FLRWAP model displays the largest MAE
(276.898), implying substantial errors in predicting actual values. Additionally, the hybrid FLRWSP
clustering with SVM model has the lowest MAPE (1.594), signifying the least percentage deviation
from actual data, while the FLRWAP model shows the highest MAPE (552.996), indicating significant
predictive deviations. Across all performance metrics (MSE, RMSE, MAE, and MAPE), the hybrid
FLRWSP clustering with SVM model surpasses other models, consistently showing the smallest error
values. This performance suggests it is the most precise and dependable model for predicting the
given simulation data. In stark contrast, the FLRWAP model consistently underperforms, exhibiting
the largest errors across all metrics. Both models perform well, but hybrid FLRWSP clustering with
SVM appears to have a slight edge in terms of overall accuracy and error minimization.

4. Conclusions

The study indicates that the FLRWSPCSVM model surpasses MLRCSVM in colorectal cancer
prediction, particularly when dealing with uncertain and noisy data. While MLRCSVM performed
adequately with datasets exhibiting clear linear relationships, it encountered difficulties with the
noise and uncertainty typical of medical data. In contrast, FLRWSPCSVM excelled under these
conditions, leveraging fuzzy logic and symmetric parameter clustering to manage imprecision
effectively. However, FLRWSPCSVM's enhanced performance came at the cost of increased
computational complexity. The results suggest that FLRWSPCSVM could provide improved diagnostic
accuracy for CRC screening, especially in scenarios with variable data quality. Its resilience in noisy
environments makes it well-suited for practical applications. This investigation has significant
implications for both medical and machine learning fields. In medicine, the findings could lead to
more precise and dependable CRC screening tools, potentially enhancing patient outcomes. From an
artificial intelligence perspective, the study underscores the efficacy of hybrid models in addressing
complex, real-world prediction challenges.
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