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Neuro-Fuzzy Random Vector Functional Link Neural
Network for Classification and Regression Problems
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Abstract—The random vector functional link (RVFL) neural
network has shown the potential to overcome traditional artificial
neural networks’ limitations, such as substantial time consumption
and the emergence of suboptimal solutions. However, RVFL strug-
gles to provide comprehensive insights into its decision-making
processes. We propose the Neuro-fuzzy RVFL (NF-RVFL) model
by combining RVFL with neuro-fuzzy system. The proposed NF-
RVFL model takes humanlike decisions based on the IF-THEN ap-
proach and enhances its transparency in decision-making. Within
this framework, input features undergo a fuzzification process
as they traverse the fuzzy layer. The resulting fuzzified features
then navigate a hidden layer through random projection as well
as yielding defuzzified values via defuzzification. The defuzzified
values, hidden layer outputs and original input features collec-
tively contribute to the output prediction process. The proposed
NF-RVFL model employs three distinct clustering methods to es-
tablish fuzzy layer centers: randomly initialized centers (referred
to as R-means), K-means clustering centers, and fuzzy C-means
clustering centers. This approach generates three distinct model
variations, namely NF-RVFL-R, NF-RVFL-K and NF-RVFL-C,
each producing a diverse set of fuzzified and defuzzified samples.
Our research involves experiments on various UCI benchmark
datasets, covering binary, multiclass classification, and regression
tasks. The statistical tests and comprehensive experimental analy-
ses consistently show that all variations of the proposed NF-RVFL
model outperform baseline models, highlighting their generaliza-
tion capabilities. The proposed NF-RVFL models show the generic
nature by being adeptly applicable and excelling in regression as
well as classification tasks.
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I. INTRODUCTION

ARTIFICIAL neural networks (ANNs) are a class of ma-
chine learning models that take their cues from the neural

architecture of the human brain. ANNs are made up of linked
nodes or “neurons” arranged in layers that process, analyze, and
transmit data to make predictions or decisions. ANNs’ ability
to learn from data, adaptability, and ability to handle complex
and nonlinear relationships in various domains (versatility) like
image recognition [1], approximation [2], natural language pro-
cessing [3], and financial forecasting [4] makes them superior
among the other machine learning models.

Apart from many advantages, there are some drawbacks to
ANN models. (i) The gradient descent (GD) method is a widely
used iterative process in ANN that aims to find the best settings
for the model’s weights and biases by comparing the predicted
outputs with the expected ones. However, this approach has some
challenges. It can be slow and occasionally settle for local rather
than global optimum weights and biases. The learning rate and
initialization point in the GD method are critical factors that
can greatly influence the model’s training process. (ii) Training
conventional neural networks on large datasets can be computa-
tionally intensive and time-consuming, necessitating powerful
hardware. (iii) Another limitation is their “black-box” nature,
making it challenging to interpret and understand the reasoning
behind their predictions. This lack of transparency can raise
concerns, particularly in critical applications like health care
and finance.

Despite the abovementioned limitations, ongoing research is
continually improving efficiency, interpretability, and robust-
ness of ANNs. Randomized neural networks (RNNs) [5], [6]
were introduced as an alternative to GD-based neural networks
to overcome their drawbacks. In general, a touch of randomness
is inherent in the RNN model’s structure or learning process.
This is achieved by holding certain parameters fixed during
training and calculating the output layer’s parameters using an it-
erative process or closed-form solution [7], [8]. The randomness
grants RNNs the ability to learn with fewer adjustable settings, in
less time, and without the need for high-end hardware. Random
vector functional link (RVFL) neural network [6], [9] is one of
the well-established RNNs. In RVFL, the hidden layer’s parame-
ters (weights and biases) are initially set randomly, chosen from
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a suitable continuous probability distribution. Throughout the
training phase, these parameters remain constant. RVFL stands
out from other RNNs due to the direct links between the input and
output layers. The direct links characteristic has been observed
to significantly enhance the learning performance of RVFL
by acting as an implicit regularization for the randomization
process [10], [11]. RVFL employs the pseudoinverse or the
least-squares approach to find the optimal output parameters
(weights connecting the input layer to the output layer and
hidden layer to the output layer), which offers a closed-form
solution. Furthermore, RVFL has fast training speed and univer-
sal approximation capability [12], [13].

RVFL successfully addresses the limitations (i) and (ii) of
ANNs mentioned earlier, offering promising solutions. How-
ever, it still grapples with limitation (iii). RVFL struggles to
interpret its decisions or predictions. As a result, the “black-box”
nature of RVFL tends to become more pronounced, raising
concerns about its comprehensibility.

The fusion of humanlike reasoning, represented by IF-THEN
fuzzy rules in a fuzzy system with an ANN’s learning capa-
bilities and connectivity, gives rise to a hybrid system known
as a neuro-fuzzy model [14]. Neuro-fuzzy models use fuzzy
logic to represent linguistic terms and rules, which are easily
understandable to humans [14]. This linguistic interpretability
allows experts and stakeholders to comprehend the decision-
making process, making it easier to trust and validate the model’s
outputs. Neuro-fuzzy models have a transparent and explicit
fuzzy rule base, which clearly shows the connections between
the input and output variables. These rules can be interpreted
and reviewed to gain insights into how the model arrives at
its conclusions. Neuro-fuzzy models have garnered attention
for their exceptional traits and wide-ranging applications in
classification [15], regression [16], nonlinear system identifi-
cation, control [17], and so on. Many advanced versions of
neuro-fuzzy-based models have been developed based on feature
selection and rule extraction [18], [19]. Neuro-fuzzy models
have notably contributed to the critical field of time series
prediction [20], benefiting various domains such as finance [21],
fault diagnosis in self-organizing cellular network [22], weather
forecasting [23], and so on.

Although neuro-fuzzy models have many advantages, how-
ever, designing neuro-fuzzy models presents several challenges.
One such challenge is determining the appropriate architecture,
including the number of fuzzy rules and neural network layers.
Careful tuning is necessary to optimize both the neural network
parameters and fuzzy logic rules, as improper choices may lead
to suboptimal performance or difficulties in effective model
training [24]. While neural networks can assist in extracting suit-
able fuzzy rules without human intervention, it remains essential
to reduce the number of fuzzy rules without compromising
accuracy, especially when dealing with high-dimensional inputs.
Additionally, the training process for neuro-fuzzy models using
traditional iterative methods like GD can be computationally
expensive and time-consuming, especially for large datasets.
The challenge further intensifies as the training process involves
optimizing nonconvex loss functions, making it difficult to find
the global minimum and potentially resulting in suboptimal

solutions. To mitigate these issues, careful selection of optimiza-
tion algorithms becomes essential for achieving better results in
the neuro-fuzzy model.

In this article, we propose the neuro-fuzzy RVFL (NF-RVFL)
model to deal with the aforementioned pitfalls of the RVFL
and neuro-fuzzy models. The integration of RVFL with neuro-
fuzzy systems presents a win–win situation for both RVFL and
neuro-fuzzy models. A key advantage of neuro-fuzzy models
lies in their universal approximation capability and ability to
adapt the interpretable IF-THEN rules to the training data [25].
The RVFL has already demonstrated its potential to over-
come the limitations of traditional ANNs, and by combining it
with neuro-fuzzy systems, the integrated NF-RVFL model can
address the lack of interpretability inherent in RVFL. More-
over, RVFL possesses lesser number of unknown parameters in
contrast to conventional neuro-fuzzy models. Consequently, the
NF-RVFL model, being developed upon the RVFL framework,
also inherits the characteristic of less unknown parameters. As
a result, the proposed NF-RVFL model is expected to mitigate
the memory-intensive characteristics often associated with tra-
ditional neuro-fuzzy models and make the proposed NF-RVFL
model capable of handling large datasets with better generaliza-
tion performance. Additionally, the convex quadratic optimiza-
tion problem of RVFL overcomes the dilemma of nonconvex
optimization problem faced by traditional neuro-fuzzy models
and produces more optimal solutions. The NF-RVFL model
promises to be a versatile and effective solution, with good
generalization performance and better interpretable results than
the standard RVFL model.

Within the framework of NF-RVFL, input samples traverse
the fuzzy layer employing the fuzzification technique. Subse-
quently, the fuzzified samples traverse a hidden layer through
random projection as well as yielding defuzzified values via
the defuzzification technique. These defuzzified values, along
with hidden layer outputs and the original inputs, collectively
contribute to the output prediction process.

The following are the key highlights of this article.
1) We propose neuro-fuzzy RVFL (NF-RVFL) model

through the amalgamation of the RVFL neural network
and the neuro-fuzzy systems. The proposed NF-RVFL
model tries to address the lack of interpretability inherent
in the original RVFL model.

2) In the proposed NF-RVFL model, we use three distinct
clustering methods to establish centers within the fuzzy
layer: randomly initialized centers (referred to as R-
means), K-means clustering centers, and fuzzy C-means
clustering centers. As a result, we obtain three different
model variations, namely, NF-RVFL-R, NF-RVFL-K, and
NF-RVFL-C, each producing a diverse set of fuzzified and
defuzzified samples.

3) The conducted experiments encompass a range of 29
binary, 28 multiclass, and 15 regression benchmark
UCI datasets sourced from diverse domains with vary-
ing sizes. Statistical tests and analysis from these ex-
periments illustrate that the proposed NF-RVFL mod-
els exhibit superior performance compared to baseline
models.
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4) Numerous ablation analyses have been conducted, focus-
ing on key elements integral to the NF-RVFL model.
These include examinations of the direct link, fuzzy layer,
defuzzified layer, the number of fuzzy rules, and activation
functions.

5) A detailed justification for interpretability is achieved
through the exploration of partial dependence plots
(PDP) [26] and feature importance-based interpretability
in the proposed NF-RVFL model. The findings demon-
strate the superior interpretability of the proposed NF-
RVFL model compared to the standard RVFL model.

The rest of this article is organized as follows. Section II
provides a brief introduction to the Takagi-Sugeno-Kang (TSK)
fuzzy system and the RVFL model. Section III presents the
rigorous mathematical formulation of the proposed NF-RVFL
model. Section IV shows the experimental results and analyses.
Finally, Section V concludes this article.

II. RELATED WORKS

This section discusses the TSK fuzzy system, which we
integrate with the RVFL in Section III. Then, briefly describe
RVFL along with its formulation.

A. Notations

Let the training set be
{
(ur, tr)|ur ∈ R1×L, tr ∈ R1×C ; r ∈

{1, . . . ,M}
}

, where L and C represent the number of features
of the input sample and the number of classes, respectively, with
M training samples. For the classification task, the variable
tr represents the one-hot version of the label corresponding
to the input sample ur, and for the regression task, tr rep-
resents a real value. Let U =

(
ut1, u

t
2, . . . , u

t
M

)t∈ RM×L and

T =
(
tt1, t

t
2, . . . , t

t
M

)t∈ RM×C be the collection of all input and
target vectors, respectively, where (.)t is the transpose operator.

B. Takagi-Sugeno-Kang (TSK) Fuzzy System

TSK fuzzy system [27] is an effective method for modeling
complicated systems under uncertainty. TSK may approximate
nonlinear connections with transparency and interpretability by
integrating fuzzy sets, fuzzy rules, and local linear models. Its
versatility and usefulness make it a popular option in a wide
range of real-world applications [28], [29], [30], making it a
vital tool in fuzzy logic and artificial intelligence. The TSK is
based on a set of IF-THEN fuzzy rules and is typically defined
as:

Ifur1 isFj1 and ur2 isFj2 . . . and urL isFjL

then yrj = ξj(ur1, ur2, . . . , urL), j = 1, 2, . . . , J

where Fjp is a fuzzy set, urs is the system input (s =
1, 2, . . . , L), and J is the number of fuzzy rules. Here, the
function ξj in a fuzzy system is often described as any relevant
function capable of properly describing the output within the
given range of fuzzy rules. However, in a fuzzy system, ξj is
assumed to be a polynomial of the input variables for practical

Fig. 1. Architecture of the RVFL model.

purposes. The jth rule’s fire strength is calculated as:

Trj =
L∏

s=1

Θjs(urs), (1)

where Θjs is the membership function corresponding to the
fuzzy set Fjs.

The defuzzification value (Γ) of the input ur is a real value
under the condition that “Ifur1 isFj1 . . . and urL isFjL” and
given as follows:

Γ =

∑J
j=1 Trjyrj∑J
j=1 Trj

=

∑J
j=1

∏L
s=1 Θjs(urs)ξj(ur1, . . . , urL)∑J

j=1

∏L
s=1 Θjs(urs)

.

(2)

C. Random Vector Functional Link (RVFL) Network [6]

The RVFL neural network is structured with three layers: in-
put, hidden, and output. Weights connecting the input and hidden
layers and biases at the hidden layer are randomly generated
and fixed throughout training. The hidden layer features and the
original input features (through direct links) are connected to the
output layer without any associated bias. The output weights are
calculated using analytical methods such as the Moore-Penrose
inverse or the least square method. Fig. 1 depicts the architecture
of RVFL.

Let H1 be the hidden layer matrix obtained by the projection
of the input matrix using randomly initialized weights and biases
followed by the nonlinear activation functionψ, which is defined
as:

H1 = ψ(UW1 + β1) ∈ RM×h, (3)

where W1 ∈ RL×h represents the randomly initialized weights
obtained from a normal distribution within the range of [−1, 1]
(following [10]) and β1 ∈ RM×h is the bias matrix. Therefore,
H1 is given as:

H1 =

⎡
⎢⎣
ψ (u1w1 + ζ1) . . . ψ (u1wh + ζh)

...
...

...
ψ (uMw1 + ζ1) . . . ψ (uMwh + ζh)

⎤
⎥⎦ ,

where ui ∈ R1×L is the ith row (sample) of the inputs matrix
U , wj ∈ RL×1 is the jth column vector of the weights matrix
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W1 which connects all the input features to the jth node of the
hidden layer and ζj is the bias term of the jth hidden node.

The input and hidden features are concatenated as:

H2 =
[
U H1

]
∈ R(M×(L+h)). (4)

The predicted output (T̂ ) of the RVFL model is given using the
matrix equation as follows:

H2W2 = T̂ , (5)

where W2 ∈ R(L+h)×C is the weights matrix connecting the
input layer and hidden layer to the output layer. The resultant
optimization problem from (5) is formulated as:

(W2)min = argmin
W2

C

2
‖H2W2 − T‖22 +

1

2
‖W2‖22, (6)

where C is a regularization parameter.
The solution of (6) is given as:

(W2)min =

{(
H2

tH2 +
1
CI
)−1

H2
tT, (L+ h) ≤M

H2
t
(
H2H2

t + 1
CI
)−1

T, M < (L+ h)
,

(7)
where I is an identity matrix of conformal dimension.

III. PROPOSED NEURO-FUZZY RANDOM VECTOR FUNCTIONAL

LINK (NF-RVFL) NEURAL NETWORK

In this section, we provide a platform for the neuro-fuzzy
system (in our case, it is TSK) and RVFL to interact with each
other, and we propose a hybrid neuro-fuzzy RVFL (NF-RVFL)
model that can make a logical decision based on the IF-THEN
rule. In the proposed NF-RVFL’s topological structure, input
samples undergo the fuzzy layer using the technique of fuzzifi-
cation. Afterward, the fuzzified samples traverse a hidden layer
via random projection as well as produce defuzzified values
using the defuzzification technique. These defuzzified values,
the hidden layer outputs, and the initial inputs all contribute to
the overall output prediction process.

SupposeJ denotes the total number of fuzzy rules in the fuzzy
layer. LetFjs be the fuzzy set with the membership functionΘjs

of sth component of jth fuzzy rule of the fuzzy layer, where
s = 1, 2, . . . , L, j = 1, 2, . . . , J .

Ifur1 isFj1 and ur2 isFj2 . . . and urL isFjL

then yrj = ξj(ur1, ur2, . . . , urL), j = 1, 2, . . . , J.

We consider the first-order TSK fuzzy system (polynomial ξj of
degree one) then

yrj = ξj(ur1, ur2, . . . , urL) =
L∑

s=1

αjsurs. (8)

Here, αjs are the randomly generated coefficients, where
s = 1, 2, . . . , L and j = 1, 2, . . . , J . The fire strength of the jth
fuzzy rule in the fuzzy layer is calculated using (1). For each
fuzzy rule, we take the weighted values of the fire strength as:

ωrj =
Trj∑J
j=1 Trj

. (9)

In our work, we consider the Gaussian membership function
within fuzzy sets of the fuzzy layer. The membership value of
urs for the jth fuzzy rule is defined as:

Θjs (urs) = e
−
(

urs−cjs
σjs

)2

, for s = 1, 2, . . . , L, (10)

where cj = (cj1, . . . , cjL) is the center andσj = (σj1, . . . , σjL)
is the standard deviation in the jth fuzzy rule. In the proposed
NF-RVFL model, we use clustering methods to determine the
centers cj in the fuzzy layer. Here, j ranges from 1 to J ,
where J represents the total number of clusters (centers) in
the fuzzy layer. We employed the following three clustering
methods:

1) randomly initialized centers (say, R-means);
2) using K-means clustering;
3) using Fuzzy C-means clustering.
Noteworthy remarks:
1) Three types of neuro-fuzzy RVFL emerge as a result of

these three approaches of initializing the centers. As a
result, it adds diversity to our proposed model.

2) Neuro-fuzzy RVFL with R-means, K-means, and fuzzy
C-means clustering techniques are named NF-RVFL-R,
NF-RVFL-K, and NF-RVFL-C, respectively.

3) The number of fuzzy rules (centers) in the fuzzy layer is
equal to the number of centers. More specifically, the “K”
of K-means is equal to J [number of clusters (centers)]
needed in the fuzzy layer.

The topology of the proposed NF-RVFL model is divided
into three components. In the first component, fuzzification
of the input vectors takes place by projecting the input layer
into the fuzzy layer. Then, the fuzzy layer traverses the hid-
den layer of the RVFL through randomization. In the second
component, the calculation of the output of the fuzzy layer
takes place through the process of defuzzification. The output
layer generation occurs in the third component, incorporating
the available features, namely the original features, hidden layer
features (generated through fuzzification), and the defuzzified
features (generated through defuzzification). The idea behind
the output layer generation involves projecting the original and
hidden layer features using output layer weights, followed by
translation using the defuzzified features. Fig. 2 depicts the
structure of the proposed NF-RVFL model.

Component-1. Fuzzification followed by nonlinear transfor-
mation: The fuzzified vector of the rth training sample ur is
given as:

Yr = (ωr1yr1, ωr2yr2, . . . , ωrJyrJ) , r = 1, 2, . . . ,M. (11)

The fuzzy layer matrix corresponding to the input matrix U is
given as:

Y =
(
Y t
1 , Y

t
2 , . . . , Y

t
M

)t ∈ RM×J . (12)

After the fuzzification process, the fuzzy layer features undergo
the hidden layer. Let there be h number of nodes in the hidden
layer, WH ∈ RJ×h a randomly generated weights matrix con-
necting the fuzzy layer to the hidden layer and βH ∈ RM×h be
the randomly generated bias matrix in the hidden layer with all
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Fig. 2. Architecture of the neuro-fuzzy RVFL model.

columns identical. The hidden layer matrix H is defined as:

H = ψ (YWH + βH) ∈ RM×h, (13)

where ψ is the activation function.
Component-2. Defuzzification of the fuzzy subsystems: For the

THEN part of the fuzzy layer, we calculate the defuzzified output
of the fuzzy layer, which participates in anticipating the final
output along with original features (through direct links) and the
hidden layer. Since the target matrix T = (tt1, t

t
2, . . . , t

t
M )t ∈

RM×C , therefore, the output of the fuzzy layer must have C
features. The defuzzified output Ar ∈ R1×C of the sample ur
of the fuzzy layer is defined as follows:

Ar =

(
J∑

j=1

ωrjλj1yrj , . . . ,

J∑
j=1

ωrjλjCyrj

)

=

(
J∑

j=1

ωrjλj1

L∑
s=1

αjsurs, . . . ,

J∑
j=1

ωrjλjC

L∑
s=1

αjsurs

)

=

(
ωr1

L∑
s=1

α1 sursλ11 + · · ·+ ωrJ

L∑
s=1

αJsursλJ1,

· · · · · · · · · · · · · · · · · · · · · · · · · · · · · · · · · · · · · · · · · · ,

ωr1

L∑
s=1

α1 sursλ1C + · · ·+ ωrJ

L∑
s=1

αJsursλJC

)

=

(
ωr1

L∑
s=1

α1 surs, . . . , ωrJ

L∑
s=1

αJsurs

)
Λ, (14)

where Λ =

⎡
⎢⎢⎢⎢⎢⎣

λ11 · · · λ1C

...
...

...

λJ1 · · · λJC

⎤
⎥⎥⎥⎥⎥⎦

, and λjc is the parameter used

in THEN part of the neuro-fuzzy system to defuzzify it (j =
1, 2, . . . , J and c = 1, 2, . . . , C). The computation of the λjc’s
is done in the component-3 using the closed form solution.
Therefore, for the input matrix U , the defuzzified output matrix
of the fuzzy layer is given as

A =
(
At

1,At
2, . . . ,At

M

)t ∈ RM×C (15)

A =

⎡
⎢⎢⎣
(
ω11

∑L
s=1 α1 su1 s, . . . , ω1J

∑L
s=1 αJsu1 s

)
Λ

...
...

...(
ωM1

∑L
s=1 α1 suMs, . . . , ωMJ

∑L
s=1 αJsuMs

)
Λ

⎤
⎥⎥⎦

⇒ A =

⎛
⎜⎝Ω�

⎡
⎢⎣
∑L

s=1 α1 su1 s . . .
∑L

s=1 αJsu1 s
...

...
...∑L

s=1 α1 suMs . . .
∑L

s=1 αJsuMs

⎤
⎥⎦
⎞
⎟⎠Λ

⇒ A =
(
Ω�

(
Uαt

))
Λ, (16)

where � represents the componentwise matrix multiplication,

αt =

⎡
⎢⎣α11 · · · αJ1

...
...

...
α1L · · · αJL

⎤
⎥⎦ andΩ =

⎡
⎢⎣ ω11 · · · ω1J

...
...

...
ωM1 · · · ωMJ

⎤
⎥⎦ .
(17)

Component-3. Final output: The final prediction is made by
transmitting the defuzzified vectors of component-2 in conjunc-
tion with the initial features and the features extracted from
the hidden layer to the output layer. This is accomplished by
concatenating matricesU andH , which are subsequently passed
to the output layer using the output weights WT ∈ R(h+L)×C .

Let Ĥ = [H,U ] (18)

then T ∗ = A+ ĤWT (19)

represents the anticipated output matrix of the proposed model.
Equation (19) is rewritten as:

T ∗ =
(
Ω�

(
Uαt

))
Λ + ĤWT

=
((

Ω�
(
Uαt

))
, Ĥ
)[ Λ

WT

]

= DW (20)

whereD =
((

Ω�
(
Uαt

))
, Ĥ
)
∈ RM×(L+J+h) (21)

andW =

[
Λ

WT

]
∈ R(L+J+h)×C (22)

is the matrix of the knowns and the unknowns of the proposed
NF-RVFL model, respectively. Therefore, we need to find theW
only for the proposed model. The resultant optimization problem
of (20) is formulated as:

(W )min = argmin
W

C

2
‖DW − T‖22 +

1

2
‖W‖22, (23)
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Algorithm 1: Algorithm to Find the Output Layer Weights
of the Proposed NF-RVFL Model.

Require: Input matrix U =
(
ut1, u

t
2, . . . , u

t
M

)t∈ RM×L

and output matrix T =
(
tt1, t

t
2, . . . , t

t
M

)t∈ RM×C , where
L and C represent the number of features of the input
sample and the number of classes, respectively, with M
training samples. J is number of fuzzy rules for the fuzzy
layer.

1: Let ur be the rth training sample, where
r = 1, 2, . . . ,M .

2: Generate: α ∈ RJ×L randomly.
3: Calculate: the centers of the jth fuzzy rule, i.e.,
cj = (cj1, cj2, . . . , cjL) for j = 1, 2, . . . , J of the fuzzy
layer by employing R-means or K-means, or fuzzy
C-means clustering technique.

4: Calculate: ωrj using (9).
5: Calculate: Yr using (11).
6: Calculate: Y using (12).
7: Generate: WH ∈ RJ×h and βH ∈ RM×h randomly

with all columns identical in βH .
8: Calculate: H using (13).
9: Construct: Ω ∈ RM×J using (17).

10: Construct: Ĥ using (18).
11: Construct: D using (21).
12: Find: the unknown matrix, output layer weights, W

using (24).

Source code link:
https://github.com/mtanveer1/NeuroFuzzy-RVFL.

where C is a regularization parameter.
The weight matrix W is computed as follows:

(W )min =

{(
DtD + 1

CI
)−1 DtT, (L+ J + h) ≤M,

Dt
(
DDt + 1

CI
)−1

T, M < (L+ J + h)
,

(24)
where I is an identity matrix of conformal dimension.

A. Time Complexity of the Proposed NF-RVFL Models

The time complexity of the proposed NF-RVFL models de-
pends on three components: 1) clustering technique; 2) fuzzy
layer and hidden layer; and 3) (W )min calculated on (24). Fol-
lowing [31], the time complexity of K-means and fuzzy C-means
is O(MLJv) and O(MLJ2v), respectively, where v is the
number of iterations. The time complexity of R-means is O(J).
The time complexity of the generation of the fuzzy and hid-
den layer is O(MJh). Time complexity in computing (W )min

isO(W ), whereO(W ) = O((L+ J + h)2M) +O((L+ J +
h)3) if (L+ J + h) ≤M or O(W ) = O(M2(L+ J + h)) +
O(M3) ifM < (L+ J + h). Therefore, the time complexity of
the NF-RVFL-R is O(J) +O(MJh) +O(W ) ≈ O(MJh) +
O(W ), the time complexity of NF-RVFL-K is O(MLJv) +
O(MJh) +O(W ) and the time complexity of NF-RVFL-C is
O(MLJ2v) +O(MJh) +O(W ).

IV. EXPERIMENTS AND RESULTS

The detailed experimental setup and a comprehensive ratio-
nale for the selection of datasets for the experiment are provided
in Section I of the supplementary material. In the next subsec-
tion, we discuss the details of the compared baseline models.
Then, we discuss the experimental results and statistical analysis
on binary, multiclass classification, and regression datasets. In
the last subsection, the interpretability of the proposed NF-RVFL
models is discussed. In Section III of the supplementary mate-
rial, we conduct an ablation study on the proposed NF-RVFL
models, examining their dependence on key components such as
direct link (connecting the input and output layers), fuzzification
(fuzzy layer), defuzzification (defuzzified layer), number of
fuzzy rules (clusters), and activation functions.

A. Compared Models

We compare the proposed NF-RVFL models to the other nine
RNNs. The enumerated RNN models under consideration are
as follows.

1) RVFL: Standard shallow RVFL model [6].
2) ELM: Shallow extreme learning machine (ELM) [32].
3) IFRVFL: Intuitionistic fuzzy RVFL [33].
4) GEELM-LDA: Graph-embedded ELM with linear dis-

criminant analysis (LDA) [34].
5) GEELM-LFDA: Graph-embedded ELM with local

Fisher discriminant analysis (LFDA) [34].
6) Total-Var-RVFL: Total variance minimization-based

RVFL [35].
7) MCVELM: Minimum class variance-based ELM [36].
8) BLS: Standard broad learning system [37].
9) Fuzzy-BLS: BLS based on neuro-fuzzy system [16].

10) NF-RVFL-R: The proposed neuro-fuzzy RVFL based on
R-means clustering.

11) NF-RVFL-K: The proposed neuro-fuzzy RVFL based on
K-means clustering.

12) NF-RVFL-C: The proposed neuro-fuzzy RVFL based on
fuzzy C-means clustering.

B. For Binary Classification: Experimental Results and
Statistical Analysis on UCI Datasets

Table I presents experimental results for the proposed NF-
RVFL-R, NF-RVFL-K, and NF-RVFL-C models, along with
baseline models, namely, RVFL, ELM, IFRVFL, GEELM-LDA,
GEELM-LFDA, Total-Var-RVFL, and MCVELM. Tables IX
and X of the supplementary materials possess the standard devi-
ations and best hyperparameter setting, respectively, w.r.t. each
model and dataset. Among them, NF-RVFL-C achieves the high-
est average accuracy of 83.5591%, followed by NF-RVFL-K at
82.5816%, and NF-RVFL-R at 82.2584%, outperforming other
state-of-the-art models. Notably, NF-RVFL-K and NF-RVFL-
C exhibit the lowest standard deviations (6.9893 and 7.3014,
respectively), indicating the high certainty of their predictions.
Average accuracy can be deceptive as it might obscure a model’s
mixed performance across different datasets. To address this, we
followed Demšar [38] recommendations and applied a suite of
statistical tests. These included the ranking test, the Friedman

https://github.com/mtanveer1/NeuroFuzzy-RVFL
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TABLE I
CLASSIFICATION ACCURACIES OF THE PROPOSED NF-RVFL-R, NF-RVFL-K, AND NF-RVFL-C MODELS ALONG WITH RVFL, ELM, IFRVFL, GEELM-LDA,

GEELM-LFDA, TOTAL-VAR-RVFL, AND MCVELM ON BINARY UCI DATASETS; TABLES IX AND X OF SUPPLEMENTARY MATERIALS CONTAIN THE STANDARD

DEVIATIONS AND BEST HYPERPARAMETER SETTING W.R.T. EACH MODEL AND DATASET

ac

ra

st de

test, and the Nemenyi post hoc test. These tests allowed us to
comprehensively assess model performance, avoiding biasness,
and enabling us to make broad conclusions about their effec-
tiveness. In the ranking approach, models are ranked based on
their performance across individual datasets, assigning higher
ranks to poorer performers and lower ranks to top performers.
Let us consider M models being assessed across D datasets.
The rank of the mth model on the dth dataset is represented as
ρ(m, d). The average rank of the mth model is calculated as
follows: ρ(m, ∗) = (

∑D
d=1 ρ(m, d))/D . The average ranks of

the models are noted in the last row of Table I. With average lower
ranks 1.8103, 3.5172, and 4.069, all the proposed NF-RVFL-C,
NF-RVFL-K, and NF-RVFL-R models, respectively, secure the
top three positions and demonstrate superiority among the base-
line models. The Friedman test [39] is employed to compare
the average ranks of models and ascertain whether significant
differences exist among them based on their rankings. This test
utilizes a chi-squared distribution (χ2

F ) with M − 1 degrees
of freedom (dof). The formula for Friedman’s test is given
as: χ2

F = 12D
M (M+1) (

∑M
m=1(ρ(m, ∗))2 −

M (M+1)2

4 ). Iman and

Davenport [40] exhibited that Friedman’s χ2
F statistic might ex-

hibit an overly cautious behavior. As a remedy, they introduced
an improved statistic, denoted asFF statistic, which is computed
as follows: FF = χ2

F (
(D−1)

D(M−1)−χ2
F
). The distribution of FF is

characterized by (M − 1) and (D − 1)(M − 1) dof. For M =
10 and D = 29, we obtain χ2

F = 105.3045 and FF = 18.9378.
Referring to the statistical table for the F -distribution, we find
thatFF (9, 252) = 1.9171 at a significance level of 5%. The null
hypothesis is rejected because 18.9378 > 1.9171, indicating
significant differences among the models. Consequently, the
Nemenyi post hoc test [38] can be employed to explore the
pairwise statistical difference between the models. Under this

test, if the average rank of the model m1 is lower by at least
the critical difference (C.D.) compared to the model m2; it is
concluded that the performance of the model m1 is statistically
superior to that of the model m2. The C.D. is calculated as:

C.D. = qα(
√

M (M+1)
6D ). Here, qα represents the critical value

for the two-tailed Nemenyi test, sourced from the precalculated
distribution table in [38]. Following the computation, we ar-
rive at C.D. = 2.5157 at a significance level of 5% (i.e., at
α = 0.05). Table II showcases the statistical analysis of the
proposed models with all the models based on the Nemenyi
post hoc test. Table II confirms that the proposed NF-RVFL-C
is statistically better than all the existing models. The pro-
posed NF-RVFL-K is statistically superior to all the existing
models except Total-Var-RVFL and MCVELM. The proposed
NF-RVFL-R model is statistically better than the existing RVFL,
ELM, and GEELM-LFDA models. Although the proposed NF-
RVFL-R is not significantly superior to the existing IFRVFL,
GEELM-LDA, Total-Var-RVFL, and MCVELM, however, the
lower ranks of the proposed NF-RVFL-R model is a clear
indicator that the proposed models have stronger generalization
capability compared to all the existing baseline models. The
combination of higher average accuracy and consistent results
from various statistical tests strongly supports the assertion that
the proposed NF-RVFL models possess superior generalization
compared to the existing baseline models.

C. For Multiclass Classification: Experimental Results and
Statistical Analysis on UCI Datasets

Table III showcases the results related to multiclass classi-
fication datasets. The IFRVFL model is designed exclusively
for binary classification, making it ineligible for inclusion in
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TABLE II
STATISTICAL ANALYSIS OF THE PROPOSED MODELS (LISTED IN THE FIRST COLUMN) WITH ALL THE MODELS (LISTED IN THE FIRST ROW) FOR THE BINARY UCI

DATASETS BASED ON THE NEMENYI POST HOC TEST

TABLE III
CLASSIFICATION ACCURACIES OF THE PROPOSED NF-RVFL-R, NF-RVFL-K, AND NF-RVFL-C MODELS ALONG WITH THE COMPARED BASELINE MODELS, I.E.,

RVFL, ELM, IFRVFL, TOTAL-VAR-RVFL, MCVELM ON MULTICLASS UCI DATASETS; SUPPLEMENTARY TABLES XI AND XII CONTAIN EACH MODEL’S

STANDARD DEVIATIONS AND BEST HYPERPARAMETER SETTING ON DATASETS

the multiclass comparisons. The GEELM-LDA and GEELM-
LFDA are the worst-performing models in binary classification
as per Section IV-B, so they are excluded from the multiclass
classification comparison. Tables XI and XII of supplementary
materials contain the standard deviations and best hyperparam-
eter setting, respectively, w.r.t. each model and dataset.

The proposed NF-RVFL-C, NF-RVFL-K, and NF-RVFL-R
secured the first, second, and third spots with an average accu-
racy of 80.222%, 78.6914%, and 78.5363%, respectively. With a
standard deviation of 4.5872, 4.8882, and 5.1418, the proposed
NF-RVFL-C, NF-RVFL-R, and NF-RVFL-K, respectively, have
the lowest standard deviations among all the models. This
showcases that the proposed NF-RVFL models have the highest
prediction capabilities with high certainty. Among all models,
the proposed NF-RVFL-C has the lowest rank of 1.5357, while
NF-RVFL-K ranks third, highlighting their superiority over
baseline models. With an average rank of 4.375, NF-RVFL-R
demonstrates strong competitiveness. We getχ2

F = 59.4811 and

TABLE IV
STATISTICAL ANALYSIS OF THE PROPOSED (LISTED IN THE FIRST COLUMN)
WITH ALL THE MODELS (LISTED IN THE FIRST ROW) FOR MULTICLASS UCI

DATASETS BASED ON THE NEMENYI POST HOC TEST

FF = 14.7992 for M = 7 and D = 28. Also, FF (6, 252) =
2.1549 at a 5% significance level. FF = 14.7992 > FF (6, 252)
demonstrates substantial differences across the compared mod-
els; therefore, the null hypothesis is rejected. Table IV presents
the Nemenyi post hoc test results for all proposed and baseline
models. The proposed NF-RVFL-C is statistically superior to all
existing models, as well as the proposed NF-RVFL-R and NF-
RVFL-K models. NF-RVFL-K is statistically better than ELM.
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TABLE V
COMPARISION OF NEURO-FUZZY BASED RVFL (PROPOSED) AND BLS MODELS IN TERMS OF ACCURACY, STANDARD DEVIATION, RANK, NUMBER OF FUZZY

RULES FOR BINARY AND MULTICLASS CLASSIFICATION

MCVELM and standard ELM get the last and second-last spots
in the ranking scheme, highlighting the RVFL-based family’s
superior generalization performance. Statistical tests confirm
the proposed NF-RVFL models’ top performance, attributed to
enhanced generalization performance via neuro-fuzzy system
integration.

D. Comparison of RVFL and BLS-Based Neuro-Fuzzy Models

Now, we conduct a comparative analysis of two neuro-fuzzy-
based models: fuzzy-BLS and our proposed NF-RVFL models.
The evaluation is performed on both binary and multiclass UCI
datasets, and the comparison is based on the outcomes outlined
in Table V. Further detailed experimental results, standard devia-
tions, and best parameter settings are presented in supplementary
Tables XIII to XVIII.

Analysis:
1) The standard BLS outperforms RVFL in terms of average

accuracy in both binary and multiclass classification.
2) Neuro-fuzzy integration significantly enhances model per-

formance. In binary classification, RVFL and BLS exhibit
average accuracies of 80.4458% and 81.9585%, respec-
tively. On the other hand, NF-RVFL-R, NF-RVFL-K, and
NF-RVFL-C achieve average accuracies of 82.2584%,
82.5816%, and 83.5591%, respectively. Similarly, fuzzy-
BLS attains an average accuracy of 82.4748%, surpassing
the accuracy of BLS at 81.9585%. This pattern holds true
for multiclass classification as well.

3) While standard RVFL models may not match the per-
formance of BLS, notable advancements are observed
with NF-RVFL models. NF-RVFL-K and NF-RVFL-C
surpass both BLS and fuzzy-BLS in binary classifica-
tion. NF-RVFL-R outperforms BLS and competes closely
with fuzzy-BLS in binary classification. Remarkably, the
proposed NF-RVFL-C model outshines all baseline and
neuro-fuzzy-based models for multiclass classification.
This underscores the effectiveness of our proposed NF-
RVFL-C in incorporating a fuzzy inference system within
its structure.

4) In binary classification, all proposed NF-RVFL models
exhibit the lowest standard deviation, and in multiclass
classification, NF-RVFL-C, NF-RVFL-R, and NF-RVFL-
K secure the first, second, and fourth positions with the
lowest standard deviation, respectively. This emphasizes

that the proposed NF-RVFL models not only demonstrate
superior prediction capabilities but also achieve height-
ened certainty.

5) NF-RVFL-C secures the top rank with 1.6552 and
1.9286 in binary and multiclass classification, respec-
tively, showcasing a substantial lead over other models.
NF-RVFL-K outperforms both BLS and fuzzy-BLS in
binary classification.

6) The crucial factor of the number of fuzzy rules signif-
icantly influences the simplicity and interpretability of
neuro-fuzzy models. Notably, the optimal number of fuzzy
rules (average) for NF-RVFL models consistently falls
within the range of 20–35, whereas Fuzzy-BLS utilizes
330.52 and 450.36 fuzzy rules for binary and multiclass
classification, respectively—roughly 15-20 times more
than that of NF-RVFL. This highlights the superior struc-
tural fuzzy adaptability of our proposed NF-RVFL models,
indicating a less complex yet high-performing alternative
than fuzzy-BLS.

Main takeaways from the analysis are as follows.
1) While RVFL’s generalization performance may not rival

that of BLS, the proposed NF-RVFL consistently outper-
forms BLS and fuzzy-BLS and sometimes demonstrates
competitive results.

2) NF-RVFL exhibits better interpretability than fuzzy-BLS
due to its reduced complexity and enhanced structural
adaptability, particularly in fuzzy rule utilization.

E. For Regression Task: Experimental Results and Statistical
Analysis on UCI Datasets

The significance of regression tasks becomes evident within
the RVFL domain, where current research is relatively con-
strained. Here, we compare the proposed NF-RVFL models
with the standard RVFL and ELM models. We fix the value
of the regularization parameter C = 105. The RMSE value is
calculated to measure the performance of the proposed models

against the baseline models. RMSE =
√

1
M

∑M
r=1(tr − tr∗),

where M , tr, and tr∗ are the total number of samples, real
output, and predicted output of the r th sample, respectively.
A lower RMSE value signifies superior model performance.
Table VI provides an overview of the RMSE values associated
with each model across the respective datasets. After analysis, it
becomes evident that the proposed NF-RVFL-R model exhibits
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TABLE VI
THE RMSE VALUES AND THE CORRESPONDING BEST HYPERPARAMETERS OF

THE PROPOSED NF-RVFL-R, NF-RVFL-K, AND NF-RVFL-C MODELS ALONG

WITH THE COMPARED BASELINE MODELS, I.E., RVFL, ELM ON REGRESSION

UCI DATASETS

TABLE VII
COMPARISON OF WIN-TIE-LOSS RESULTS ON UCI REGRESSION DATASETS

the most favorable outcome, with an average RMSE value
of 8.0× 10−6. Following this, the proposed NF-RVFL-C and
NF-RVFL-K models demonstrate competitive performance, reg-
istering 8.4× 10−6 and 9.4× 10−6 RMSE values, respectively.
The standard RVFL model occupies the fourth position, whereas
the standard ELM model showcases the worst performance,
evidenced by the RMSE value of 5.8× 10−2. The RMSE value
of the standard ELM is approximately 10000 times higher than
the RVFL family’s model. ELM can be seen as a variant of RVFL
without direct links. In this context, ELM can be referred to as
RVFLwoDL (RVFL without direct links). Thus, we conclude
that the generalization performance of RVFL with direct links
is better than without direct links.

Win-tie-loss for individual models is summarized in Ta-
ble VII. In comparison with the ELM model, the proposed
NF-RVFL-R and NF-RVFL-C models secure victories across
all datasets, whereas NF-RVFL-K attains victory on 14 in-
stances and experiences defeat in 1 out of a total of 15 datasets.
This shows the dominance of the proposed NF-RVFL models
over the existing baseline models. Thus, the emergence of the
proposed NF-RVFL models introduces a promising avenue,
demonstrating its potential to excel in addressing regression
challenges effectively.

Fig. 3. Partial dependence plot (PDP) of each feature of the dataset pitts-
burg_bridges_T_OR_D w.r.t. the proposed NF-RVFL models, RVFL and deci-
sion tree. F-i in the X-axis denotes the ith feature of the dataset.

F. Interpretability of the Proposed NF-RVFL Models

Interpretability plays a pivotal role in system explanation,
aiming to render the internal mechanisms of a system com-
prehensible to humans. As per [41], two primary categories of
interpretability methods exist: intrinsic ante-hoc explanations,
centered on transparent and straightforward models such as
linear regression and decision trees, and post-hoc explanations,
employing methods like PDP [26] and LIME [42] after model
training. NF-RVFL, a network model, falls within the local
post-hoc interpretability category, extracting fuzzy rules on the
RVFL architecture for prediction. Due to the absence of a
systematic definition and standardized evaluation methods for
interpretability in machine learning, we adopt the established
post-hoc method, i.e., PDP and also following the guidance of
articles [24], [43], and [44], we assess the interpretability of the
proposed NF-RVFL models. The interpretability of NF-RVFL
is evaluated based on two factors: 1) PDP-based feature im-
portance interpretability; and 2) feature-importance-based inter-
pretability considering weights assigned to each feature during
prediction (following [24], [43]).

1) Partial dependence plot (PDP)-based feature impor-
tance interpretability: To validate the interpretability of the
proposed NF-RVFL models, we employed PDP [26], a standard
technique for understanding the feature-prediction relationship.
PDP enables the exploration of feature influence on projected
outcomes and their importance according to the model. Consid-
ering decision trees as one of the best interpretable models [45],
we compare the NF-RVFL and standard RVFL models with the
decision tree. We depict PDP plots in Fig. 3 for all seven features
of the dataset pittsburg_bridges_T_OR_D. For feature ranking,
each feature is assigned ranks based on probability scores,
with lower ranks indicating higher importance. In this context,
NF-RVFL-C assigns rank 1 to feature-7 (F-7), rank 2 to feature-2
(F-2) and so on. Comparing rank errors (in RMSE) between the
decision tree and NF-RVFL-R, NF-RVFL-K, NF-RVFL-C, and
RVFL, the errors are 2.14, 2.62, 2.39, and 2.93, respectively. The
lower rank error of the proposed NF-RVFL models with the deci-
sion tree (compared to the standard RVFL model) reveals that the
proposed NF-RVFL models align more closely with the decision
tree in terms of feature importance ranking. Consequently, this
heightened congruence implies that the decision-making process
within the proposed NF-RVFL models closely resembles that
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of the decision tree (which is one of the best interpretable
models). Hence, the interpretability of the proposed NF-RVFL
models is enhanced to some extent in comparison to the RVFL
model.

2) Feature importance-based interpretability considering
weights assigned to each feature during prediction: This
study presents the interpretability of the proposed NF-RVFL
models using a feature-importance-based approach, wherein
weights assigned to each feature during prediction are consid-
ered. The step-by-step learning process of the NF-RVFL models
is demonstrated using the breast cancer dataset. Following [24],
we consider the breast cancer dataset, which aims to predict the
likelihood of breast cancer recurrence based on diagnostic mea-
surements (features). Each data point in the dataset is categorized
as either class 1 (no recurrence) or class 2 (recurrence). It consists
of nine features labeled as x1 to x9. For more information, visit
the supplementary Section II-A for a comprehensive description
of the dataset breast cancer. To provide a transparent illustration
of interpretability, we first illustrate, in Section II-B of the
supplementary materials, how our proposed NF-RVFL-K learns
fuzzy rules and assigns weights to the original features during
the training process at the minimum number of hidden nodes and
fuzzy rules. Then, following [43], we show the interpretability
of all the proposed NF-RVFL models at the best hyperparameter
setting. The learning process of the NF-RVFL models on breast
cancer is discussed in detail in supplementary Section II-C using
Table IV. Analysis and main takeaways from the learning process
and interpretability of NF-RVFL discussed in Section II of the
supplementary material: In examining the interpretability of our
proposed NF-RVFL models based on supplementary Table V,
we analyze the following.

1) For NF-RVFL-C, feature emphasis is notably placed on
features x9 (Irradiat), x6 (Deg Malig), and x3 (tumor
size). These features are associated with radiation ther-
apy, cancer severity, and tumor size. As per biomedical
knowledge [46], these are some prominent features in
predicting whether breast cancer has no recurrence or re-
currence. Align with biomedical knowledge; the proposed
NF-RVFL-C gives significance to the above features in
predicting breast cancer recurrence.

2) For NF-RVFL-R, the model predominantly prioritizes x3
(tumor size). This concurs with biomedical understanding,
highlighting the pivotal role of tumor size in predicting
cancer diseases.

3) For NF-RVFL-K, the model assigns primary weightage
to x8 (breast-quad) and secondary importance to x3 (tu-
mor size). NF-RVFL-K adeptly identifies and prioritizes
features, aligning with the final output and showcasing its
ability to discern meaningful patterns.

In summary, our study demonstrates the learning rules and
feature importance-based interpretability of the proposed NF-
RVFL models. The models exhibit nuanced prioritization of
features, aligning with biomedical knowledge and enhanc-
ing the understanding of their predictive capabilities in the
context of breast cancer recurrence. In accordance with Fried-
man [26], “visualization stands as one of the most potent tools
for interpretation.” Since the neuro-fuzzy IF-THEN rule is based
on the humanlike visualization approach and from the above two

interpretability discussions, the proposed model gets closer to
interpretability.

V. CONCLUSION

We proposed neuro-fuzzy RVFL (NF-RVFL) model by in-
tegrating RVFL with the neuro-fuzzy systems through a rig-
orous and comprehensive mathematical framework. The pro-
posed NF-RVFL model enhanced the transparency of RVFL’s
decision-making and predictions by embodying humanlike
decision-making via an IF-THEN approach. The fuzzification
step employed three distinct clustering methods—randomly
initialized centers (R-means), K-means clustering centers, and
fuzzy C-means clustering centers—resulting in diverse varia-
tions of the model (NF-RVFL-R, NF-RVFL-K, and NF-RVFL-
C, respectively).

The effectiveness of the proposed NF-RVFL models was
demonstrated by rigorous experiments on 29 binary and 28 mul-
ticlass classification UCI datasets representing diverse domains
and scales. A detailed investigation included benchmarking
against nine existing baseline models from the RVFL, ELM,
and BLS families. The statistical metrics confirm that the pro-
posed NF-RVFL-C is statistically better than all the compared
models. The proposed NF-RVFL-K and NF-RVFL-R also beat
existing models (sometimes competitive performance) in terms
of average accuracy and rank and secured the second and third
positions, respectively. Lower standard deviations were consis-
tently exhibited by the proposed NF-RVFL models compared
to the baseline models. In the RVFL family, regression research
was limited. We addressed this gap by employing our proposed
NF-RVFL models for the regression domain and conducted
experiments on 15 UCI benchmark regression datasets. The
NF-RVFL models consistently showcased lower RMSE values
and maximum wins compared to the existing models.

The interpretability of NF-RVFL was evaluated based on two
factors: 1) PDP-based feature importance interpretability and 2)
feature-importance-based interpretability considering weights
assigned to each feature during prediction. The learning process
and the feature importance of the proposed NF-RVFL models
were studied based on feature-importance interpretability. It was
found that the interpretability of the proposed NF-RVFL models
was improved compared to the standard RVFL model. Moreover,
NF-RVFL demonstrated superior interpretability compared to
fuzzy-BLS due to its reduced complexity and improved struc-
tural adaptability, particularly in the utilization of only less
fuzzy rules. Furthermore, we conducted a detailed ablation
study (with and without key components) on the proposed
NF-RVFL models, examining their dependence on key com-
ponents. The essential elements under investigation included
the direct links, fuzzification (fuzzy layer), defuzzification (de-
fuzzified layer), number of fuzzy rules (clusters), and activation
functions.

Future endeavors include the development of a neuro-fuzzy-
based RVFL model that incorporates simultaneous feature
selection and rule extraction. Additionally, exploring the
integration of neuron models inspired by biological systems
into the NF-RVFL model stands as a promising research avenue
to enhance interpretability. This study primarily centered
on shallow RVFL, constrained in capturing intricate data
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relationships. Subsequent plans include extending this research
to encompass deep and ensemble RVFL variants.
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