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1  Introduction

Fuzzy Cognitive Maps (FCMs) have been extensively uti-
lized for modeling complex systems since their inception 
by Kosko [1–3]. Their “white-box” structure offers an intui-
tive approach to knowledge representation and inference, 
integrating aspects from domains such as fuzzy logic, arti-
ficial neural networks (ANNs) and expert systems [4]. Due 
to their inherent transparency, FCMs provide a compelling 
framework for building trustworthy intelligent systems [5]. 
This attribute is extremely valuable in Artificial Intelligence 
(AI) applications that demand interpretability and account-
ability, especially in domains where trust and understanding 
are critical [6]. FCM inference critically relies on the accu-
racy of the weight matrix, making the precise determination 
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Abstract
The demand for interpretable and accurate machine learning models continues to grow, especially in critical domains. The 
data-driven Fuzzy Cognitive Map (FCM) classifier is an interpretable and transparent decision-making method. Its core 
element, the weight matrix, is derived using predominantly population-based supervised learning methods which often 
suffer from degraded performance. Recent research has adopted gradient-based learning techniques to compete with the 
predictive performance of black-box models. Nonetheless, such methods modify foundational principles and compromise 
interpretability, highlighting the necessity to improve existing approaches. In this work, we introduce a novel learning and 
structural modeling method, termed Neural-FCM, which leverages deep neural networks and gradient descent to enhance 
the accuracy and robustness of FCM learning. Neural-FCM employs a hybrid network comprising both dense and con-
volutional layers and is trained using a categorical cross-entropy loss function specifically aligned with FCM reasoning. 
This hybrid model is trained to output instance-specific weight matrices for effective and targeted FCM inference, intro-
ducing structural adaptability, a feature not supported by previous static or globally optimized approaches. Focusing on 
generalization across domains, the Neural-FCM approach is evaluated on different classification tasks across six widely 
used public datasets and one proprietary medical dataset, consistently showing improved predictive performance. Notably, 
the comparative analysis against standard population-based FCM learning methods reveals consistent accuracy improve-
ments, with gains of up to 34%. While less transparent gradient-based methods also yield improved accuracy, Neural-FCM 
demonstrates competitive or superior performance in most cases, with accuracy improvements ranging from 1 to 6% 
across different domains, while preserving the underlying interpretability. The performance enhancement and the use of 
instance-specific matrices contribute to the broader goal of developing gradient-based models that balance computational 
efficiency with the intrinsic FCM interpretability.
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of weights essential for reliable simulations and predictions. 
Over recent decades, research has progressively transitioned 
FCMs from purely expert-driven models [7–9] to hybrid 
and fully data-driven approaches, leveraging machine learn-
ing (ML) methods for weight determination [10, 11].

In FCM learning, both unsupervised and supervised 
paradigms have been developed for defining or adjusting 
the weight matrix. Among unsupervised methods, Heb-
bian-based techniques refine an expert-defined matrix, by 
adapting it in response to system dynamics [12–15]. A key 
challenge with these methods lies in their dependence on 
expert-defined weight matrices, which may not always be 
available or sufficiently accurate. This limitation is tackled 
with supervised methods, also called error-based meth-
ods. The aim is to extract knowledge directly from data 
for determining the weight matrix, by optimizing a func-
tion that minimizes the discrepancy between the system’s 
response and the expected output. Ιn the literature, this is 
mainly achieved through evolutionary computation and 
swarm intelligence algorithms inspired by the principles of 
natural evolution [16]. These algorithms search for an opti-
mal weight matrix by iteratively adapting a pool of potential 
solutions to reduce classification error, as seen in techniques 
like the Real-Coded Genetic Algorithm (RCGA) [17], the 
Structure Optimization Genetic Algorithm (SOGA) [18], 
the Particle Swarm Optimization (PSO) [19], and optimiza-
tion methods based on artificial colonies [20, 21]. Despite 
their effectiveness, these methods are often computation-
ally intensive, slow, and susceptible to convergence on 
suboptimal solutions [11]. Additionally, they struggle with 
multiclass classification tasks, especially when the model 
structure represents each class as an individual concept and 
input concepts correspond to low-level features, as described 
in [22]. In response, novel error-based solutions have been 
proposed that draw aspects from ANNs and utilize gradi-
ent-based methods for FCM learning [23–25]. While these 
gradient-based approaches show promise in classification 
and pattern recognition tasks, their emphasis on predictive 
performance and their adaptation to the deep model scheme 
often compromise FCM’s foundational interpretability.

Although low-level FCM classifiers have been relatively 
underexplored, particularly due to the performance limita-
tions of early learning methods [3], they could offer key 
advantages due to their inherent transparency [5]. Beyond 
achieving high accuracy, the ability to interpret the reason-
ing behind decisions enhances the acceptance and trustwor-
thiness of a classification method, a key principle in the field 
of AI [6]. Hence, FCMs require a good trade-off between 
predictive accuracy and interpretability to be considered 
beneficial against black-box models, which typically out-
perform them across a range of pattern recognition tasks [3, 
26]. In FCMs, interpretability refers to the ability to analyze 

the weight interconnections with the aid of domain knowl-
edge in order to observe how each node influences the clas-
sification decision [5, 27]. In other words, there is a traceable 
cause and effect structure inherent in the model. Some early 
FCM-based classifiers enhanced prediction performance by 
incorporating black-box models within the FCM structure 
[28]. However, such an approach completely alters the FCM 
structure and thus diminishes any interpretability advan-
tages. Even without directly integrating a black-box model, 
the use of bias nodes, non-standard weights, or modified 
inference rules, as seen in previous gradient-based methods 
[25, 29], can reduce interpretability at the functional level 
for which FCMs are renowned [5]. These challenges high-
light a research gap in designing low-level FCM classifiers 
that effectively leverage ANN principles while preserving 
transparency and interpretability.

Compared to FCMs, ANNs have received far greater 
attention from the research community and have evolved 
into powerful tools capable of learning from vast datasets, 
making them a cornerstone of modern AI and Deep Learn-
ing (DL), despite their opaque internal mechanics. Deep 
models are engineered to approximate complex non-linear 
functions [30] and architectures with multiple process-
ing layers and millions of interconnections have achieved 
remarkable success across a variety of applications [26]. 
Compared to the typical low-level FCMs where input nodes 
are fixed, have a more physical meaning, and employ static 
weighted interconnections [1], deep models offer enhanced 
modeling capacity. In fact, the rigidity of FCM’s two-dimen-
sional weight matrix has become a performance bottleneck, 
prompting research into more flexible representations, such 
as grey-valued interconnections [31]. In addition to model-
ing capacity, the rapid development of DL has been sup-
ported by the availability of open-source frameworks like 
TensorFlow [32] which simplify low-level tensor computa-
tions and accelerate prototyping. Additionally, the consider-
able availability of open-sourced algorithms and models is 
another advantage. In contrast, FCM learning methods often 
lack accessible software implementations, hindering prog-
ress in the field, with only a few efforts aimed at develop-
ing public Python packages [33]. Given these differences, 
it is reasonable to consider that FCMs could benefit from 
adopting certain aspects of ANN-based modeling, particu-
larly in terms of data-driven learning, computational tools, 
and architectural flexibility, while still retaining their core 
interpretability.

In summary, although data-driven FCM classifiers can 
achieve competitive performance by adopting techniques 
from deep models, they often lose the interpretability that 
gives them their advantage. This trade-off has contributed to 
their being overlooked in favor of more powerful yet opaque 
methods. Nevertheless, FCMs have the potential to evolve 
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by incorporating successful concepts, techniques and strate-
gies from DL. Further research is required to effectively rec-
oncile the dual goals of accuracy and interpretability, both of 
which are essential for building trustworthy models within 
the domain of AI [6]. Furthermore, the modification of their 
structure to tackle performance impediments, such as static 
weights, is another promising research area that requires 
methodical design to ensure the preservation of the underly-
ing principles. Finally, adopting open-source practices with 
code and implementation details could significantly benefit 
the field, as observed in the DL community.

Considering the above, the objective of this work is to 
present and assess a novel weight matrix optimization 
method, that enhances FCM learning and structural model-
ing, named Neural-FCM. The proposed method integrates 
elements from deep models to improve accuracy while 
preserving interpretability. Technically, it employs a deep 
network consisting of dense and convolutional layers to 
generate a two-dimensional numeric matrix for each input 
instance. The network is trained using a modified Categori-
cal Cross-Entropy (CCE) cost function, where FCM rea-
soning is performed prior to loss computation. As a result, 
Neural-FCM learns to dynamically adjust weight matrices 
based on instance-specific features, enhancing both predic-
tive performance and structural flexibility. The instance-
specific structure adaptation can be seen as an amplification 
of Fuzzy Grey Cognitive Maps (FGCM) [31]. The method 
is evaluated on multiple benchmark datasets to assess its 
generalization capabilities across domains. Results show 
that Neural-FCM not only improves predictive accuracy but 
also retains and even enhances the low-level interpretability 
that initially distinguished FCMs within the AI community. 
Therefore, it holds strong potential as a trustworthy, data-
driven decision-making framework. To promote adoption 
and reproducibility, the method is implemented using open-
source tools (TensorFlow and Python), with accompanying 
code provided.

To summarize, the main contribution of this work is the 
introduction and performance assessment of a novel learn-
ing and structure modeling method that addresses key limi-
tations in the current state-of-the-art:

1.	 Comprehensive performance and generalization 
assessment: Neural-FCM demonstrates strong perfor-
mance across six public datasets and one proprietary 
health-sector dataset. The proposed method achieves 
up to 34% improvement over population-based FCM 
learning methods with a node-per-class representation. 
Additionally, it delivers comparable or superior accu-
racy to other recent approaches.

2.	 Preservation of FCM intrinsic interpretability: 
Unlike existing models that introduce architectural 

changes, Neural-FCM achieves a fusion of DL and 
FCM without altering the foundational principles of 
low-level FCMs.

3.	 Instance-specific weight matrices: Neural-FCM gen-
erates a weight matrix for each input instance, intro-
ducing structural adaptability into FCM modeling, 
enhancing interpretability and promoting classification 
accuracy in node-per-class FCM models.

The rest of the paper is organized as follows: the next sec-
tion provides an overview of the fundamentals of FCM clas-
sifiers and the Neural-FCM theory. The proposed approach 
is further elaborated in Sect. 3. The experimental procedure 
is presented in Sect. 4, whereas Sects. 5 and 6 provide and 
discuss the results respectively. Finally, Sect. 7 summarizes 
this work.

2  Background theory

This section covers the fundamentals of low-level FCM clas-
sifiers and ANNs, along with notable related works regard-
ing FCM supervised learning methods. To aid the reader in 
understanding the progression of literature on these topics, 
the fundamental concepts are explained before presenting 
the related works.

2.1  Fuzzy Cognitive Map classifier

An FCM represents a system’s function as a graphical 
model, comprising fuzzy weighted connections in the inter-
val [−1,1] between N nodes or concepts [1]. The weights 
are represented mathematically by a two-dimensional N 
× N matrix, where each entry quantifies the strength and 
direction of the influence between two concepts. Each node 
within a data-driven FCM is assigned an initial activa-
tion state based on real data. During FCM inference, these 
states are iteratively updated using an inference formula 
that employs both the weight matrix and the concept states. 
This iterative process continues until either convergence, 
where the change in states becomes negligible, or a pre-
defined number of iterations is reached. Formally, an FCM 
is defined as a three-element tuple: FCM = (c, A, W), where 
c denotes the total concepts of the system, A the activation 
formula, and W the weight matrix. In what follows, each 
element is further elucidated.

The concepts (or nodes) are denoted as c = {c1, c2, …, cN} 
and represent the N total concepts in a system, or the N total 
variables of a dataset, with cn ∈ [0, 1] denoting the initial 
value of concept n, for n = 1, 2, …, N. In a low-level FCM 
classifier, the initial concept state values cn are obtained 
by normalizing the variables to the interval [0, 1] for each 
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Class labels are encoded using one-hot encoding, trans-
forming the integer label km into a K-length binary vec-
tor km, as follows (Eq. 1):

km,i =
{

1, i = k
0, i ̸= k for i = 1,2, . . . K � (1)

As a result, c is transformed to c’, with c’= {c1, c2, …, 
cN-1, …, cN-1+K} and the FCM architecture comprises 
of N-1 + K total concepts, where K the total output 
class concepts.

	● Single-output architecture: A single concept is utilized 
to represent the class decision, i.e. cN = km, constructing 
an FCM with N total concepts, where only one concept 
encodes all class information. Since FCMs operate on 
concepts values within the interval [0,1], class labels are 
normalized accordingly.

In FCM classifiers, the actual value of the output concept 
is initialized with a dummy value v ∈ [0, 1]. The objective 
of the FCM classifier is to convert the initial vector c into 
a state vector a = {a1, a2, …, aN} such that aN = k; thus, 
transforming the dummy value v into the actual class label 
k for each instance. In the class-per-output architecture, the 
class label is determined by the index of the output concept 
with the highest activation value (Eq. 2):

observation in the dataset. Variables may be either indepen-
dent or dependent with input and output concepts inheriting 
these attributes [3]. An input concept may be either indepen-
dent or dependent, whereas an output concept (class con-
cept) is inherently dependent. Based on the interconnections 
among concepts, different architectures can be constructed 
[22]. In FCM-based classification, the activation state of the 
output concepts after inference, also referred to as reason-
ing, is used for class decision-making.

To formally denote this, let X ∈ ℝM×N be a dataset with M 
total data instances or samples, and N variables representing 
N-1 input features of an output class k, with k ∈ {1, 2, … K} 
and M, N, K, ∈ ℕ*. Each data instance m is then represented 
as a pair (xm, km), where:

	● xm = (xm,1, xm,2, … xm, N-1) is the vector of features for 
the m-th instance, with xm, n ∈ [0,1] after normalization, 
and cn = xm, n the initial value of the n-concept.

	● km the integer class label for the m-th instance.

To construct an FCM classifier, two common architectures 
are utilized, based on the representation of class concept(s) 
and the adaptation of FCMs to classification practices [22, 
25]. These architecture representations are depicted in Fig. 1 
and correspond to:

	● Class-per-output architecture: Each class is repre-
sented with a distinct output concept in the FCM model. 

Fig. 1  Example of FCM classifier architectures as defined in [22]. Left: 
The class-per-output architecture, where each class is represented by 
a distinct output concept (e.g. Class 1 and Class 2 nodes). Right: The 
single-output architecture, in which all classes are encompassed within 
a single class concept node. As a graphical model, the class-per-output 
design enables a more explicit representation of how input nodes influ-
ence each class individually. In contrast, the single-output design may 

obscure the influence paths from input concepts to specific classes. For 
example, in the class-per-output architecture, concept “C1” shows a 
strong negative influence toward “Class 1” and strong positive influ-
ence toward “Class 2”. In the single-output case, the influence of “C1” 
becomes less distinguishable. A divergent blue/red colormap is used 
to indicate the polarity and strength of the weighted interconnections 
among concepts
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Finally, W in the FCM tuple represents the 2-dimensional 
weight matrix, with wi, j ∈ [−1, 1] denoting the influence 
of concept ci on concept cj. In data-driven FCM applica-
tions wi, j is calculated by a learning algorithm. Specifically, 
a function g : xm → ym is sought, which incorporates FCMs, 
is parametrized by W, and can be denoted as g(FCM(x; 
W)). Supervised learning paradigms are employed to find 
the optimal W that minimizes an error function. A compre-
hensive review of relevant learning algorithms can be found 
in [10]. It is worth mentioning, that the weight matrix is 
the fundamental part in defining the causality among con-
cepts [1], as the weight values are interpretable and can be 
expressed in fuzzy linguistic terms. Along with the activa-
tion states of concepts produced after reasoning, the causes 
and effects on the systems can be assessed, enabling trans-
parent and interpretable class decision-making.

2.1.1  Related work

Following the main objective, the establishment of a novel 
low-level learning method capable of generalizing across 
domains, this section highlights representative works that 
propose and evaluate FCM classification learning methods 
across various datasets. A summary of the relevant literature 
is provided in Table 1 to facilitate clarity and comparison. 
While the review in [3] outlines the early developments 
in this area, the present review extends that foundation by 
examining more recent approaches as well. As presented 
herein, several of the challenges identified in [3], regard-
ing the construction, accuracy, interpretability and conver-
gence of FCMs, remain unresolved. Notably, a recurring 
limitation in contemporary studies is the limited attention 
given to interpretability: most data-driven FCM classifiers 
do not provide any analysis or discussion of the learned 
weight matrices, thereby overlooking a key aspect of model 
transparency.

The foundational FCM classifier theory and the class-
per-output architecture, known as Fuzzy Cognitive Map-
pers (FCMper), were initially developed in [40]. Despite the 
use of hybrid ANN-FCM models to improve performance, 
which however sacrificed the transparency of FCMs, the 
maximum classification rates for benchmark datasets, such 
as Iris [42], were substantially lower compared to more 
recent works. The creators of FCMper extended their previ-
ous work in [22]. Their main contribution was the compari-
son of various Hebbian-based learning algorithms on open 
datasets. They found that the class-per-output structure was 
less effective than the single-output architecture, which uses 
clustering-based class mapping. Additionally, genetic algo-
rithms were shown to outperform Hebbian learning in terms 
of accuracy.

k̂ = argmax (aN−1+k) , for k = 1, 2, . . . , K � (2)

In the single-output architecture, clustering or threshold 
methods are commonly applied [34] to determine the class 
label. The algorithm essentially searches for the optimal 
boundaries to assign the activation state value of the output 
concept into a class label.

The transformation of c into a is achieved iteratively 
using the activation formula A (Eq. 3) and the weight matrix 
W. Also known as the “activation rule”, this formula enables 
FCMs to exhibit dynamic behavior in concepts states, pro-
ducing a new state vector at after each iteration t ∈ ℕ*, until 
either convergence is achieved, or a predefined iteration 
limit is reached [34]. Literature, suggests that for classifica-
tion, inference should generally involve a small number of 
iterations [25]. Although several variations of the activation 
formula exist [11], the most common one [35], which is also 
employed in this work, is presented in Eq. 3:

at+1 = f(atW + at)� (3)

where f is the non-linear sigmoid function (Eq. 4) that keeps 
at+1 within the defined limits (i.e. the desired [0, 1] interval 
for the concept states), and a0 = c. It is worth mentioning 
that Eq. 3 is commonly presented as an element-wise opera-
tion [1, 36], meaning that it computes the activation value 
for each an

t+1 concept, individually. Hence, the matrix-wise 
operation presented herein hides the constraint of wi, j = 0 
for i = j, which denotes that there is no self-activation in 
concepts. We employ the matrix-wise formula as it is both 
convenient and efficient for computing state vectors using 
vectorization, using computation-optimized Python librar-
ies such as NumPy [37] and TensorFlow [38]. The loss 
function ensures that self-activation is avoided, as explained 
later in the corresponding section.

Besides ensuring the boundaries of activation states, 
the sigmoid function in Eq. 3 is commonly utilized with λ 
and b parameters in FCM implementations, to control its 
steepness and shift, respectively. In other words, the λ and 
b parameters are employed to control the magnitude of the 
effect at each iteration, thereby further assisting conver-
gence [39]. Alternatively, the hyperbolic tangent function 
can be employed (Eq. 5) in cases where the activation state 
is pursued within the [−1, 1] range to consider both positive 
and negative effects.

f (x) = 1
1 + e−(λ x+b) � (4)

f (x) = ex − e−x

ex + e−x
� (5)
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algorithm. The novelty of this approach lies in the integra-
tion of a capsule network into the inference rules. Capsules 
are groups of neurons that represent specific properties of an 
object, and they output vectors rather than scalars, allowing 
them to capture more complex features. The capsule net-
work uses top-down feedback to adjust the coupling coeffi-
cients, increasing the coefficient for the correct category and 
decreasing those for incorrect categories. Additionally, the 
scalar product between the capsule’s prediction and the out-
put of the correct category is enhanced. This enhancement 
improved the classification accuracy of the class-per-output 
architecture, preserved standard weighted interconnections, 
and achieved performance comparable to that of other ML 
methods on various datasets. However, this enhancement 
altered the activation formula of the FCM, and introduced 
additional processing steps, thereby increasing complexity.

In response to the challenges of genetic optimization, 
gradient-based supervised learning methods have emerged. 
It is worth mentioning that the current state-of-the-art in 
gradient-based learning methods, or deep FCMs, is mainly 
applied in time series prediction [29, 43]. Regarding classi-
fication and low-level modeling, the work of [25] is among 
those recent found in the literature. The authors developed 
a fully connected FCM classification architecture, adopt-
ing aspects of ANNs. This approach uses gradient descent 
for learning, an extended activation formula, and class-
per-output architecture with bias concepts and backward 
links, which are particularly effective for multi-iteration 
reasoning. In addition, another contribution of the proposed 
scheme is the ability to transform the feature space by group-
ing observations that belong to a given class. The accuracy 
achieved by this method is comparable to that of other ML 
models employed for comparison. However, a limitation of 
the approach is that it modifies the low-level working prin-
ciple and structure of the FCM due to the selected FCM 
properties and the learned weighted interconnections which 
exceed the standard [−1, 1] range.

Lastly, for applications requiring uncertainty modeling, 
more complex solutions have been proposed, as the typical 
FCM model utilizes a static weight matrix for reasoning, an 
approach that entails limitations. FGCM [31, 44], in par-
ticular, employ grey numbers and weight ranges to handle 
uncertainty in dependencies between concepts and adapt 
to dynamic conditions, such as seasonality in time-series 
data. The learning process is predominantly carried out 
using population-based methods as well. Although FGCM 
mitigates the limitations of static matrices, it also increases 
computational cost and complexity, especially when inter-
preting white numbers in the output concepts. High-level 
FCM classifiers, which do not directly represent input 
features, are also documented in the literature. Examples 

By proposing a new algorithm for generating thresholds 
in single-output architectures, the work of [34] improved 
the efficiency of the FCM classifier. A genetic algorithm for 
FCM learning and single-step reasoning were used in their 
experiments on open datasets, similar to [22]. Their method 
outperformed both traditional clustering-based class assign-
ment methods and popular ML models on several datasets. 
However, limitations include the inefficiency in genetic 
optimization and FCM structural constraints that mimic a 
feedforward ANN without hidden layers. Single-output 
architectures may also reduce interpretability by obscuring 
the contribution of each input concept to the decision, par-
ticularly when numerous classes are considered, as it was 
illustrated in Fig.  1. Moreover, no weight matrix analysis 
was considered to disclose interpretability.

A class-per-output architecture was considered in 
[41], where the weight matrix was learned using the PSO 

Table 1  Related work summary
Work Learning 

algorithm
Main Contribution Limitations

FCMpers 
[40]

Genetic • Initial assessment of 
low-level FCM clas-
sifiers on benchmark 
datasets

• Weak 
predictive 
performance
• Hybrid black-
box FCMs
• No weight 
matrix analysis

FCM 
classifiers 
[22]

Hebbian-
based, 
Genetic

• Comprehensive 
comparison of learning 
algorithms and FCM 
architectures
• Demonstration of the 
effectiveness of genetic 
learning and single-
output architecture

• Weak 
predictive 
performance
• No weight 
matrix analysis

Improved 
FCM 
classifiers 
[34]

Genetic • A novel thresholding 
method for single-
output architecture
• Accuracy improve-
ments compared to 
previous approaches 
and ML models

• Architecture 
constraints. 
Mimics ANNs 
and obscures 
interpretability
• No weight 
matrix analysis

FCMs and 
Capsule 
networks 
[41]

PSO • Classification 
accuracy improvement 
in Class-per-Output 
architecture

• Alteration of 
FCM reasoning
• Employs 
fully connected 
ANN-like 
architecture

ANN-
based 
FCM [25]

Gradient 
descent

• Gradient-based learn-
ing for classification
• Improved classifica-
tion accuracy in Class-
per-Output architecture
• A novel FCM-based 
feature transformation 
method

• Alteration of 
FCM reasoning
• ANN type 
fully connected 
architecture 
with bias 
concepts
• No weight 
matrix analysis
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Where:

	● ym,k ∈ {0,1} the binary indicator specifying if class la-
bel k is the correct classification for the m-th instance,

	● ŷm,k ∈ [0,1] is the predicted probability that the m-th 
instance belongs to class k.

Convolutional Neural Networks (CNNs) represent a dis-
tinct type of ANNs, specifically designed to process grid-
like structured data and capture spatial relationships within 
the input. Drawing inspiration from the way the human 
visual system perceives images, CNNs use the convolu-
tion operation in place of the perceptron to detect complex 
and non-linear patterns [50]. Compared to FCMs where the 
activation function f is of sigmoid type (Eqs. 4 and 5), the 
Rectified Linear Unit (ReLU) (Eq. 8) is commonly used in 
the hidden layers of ANNs due to its proved computational 
efficiency and faster convergence [55]:

ReLU (x) = max(0, x)� (8)

2.2.1  Related work

Within the context of deep learning, the evolution of ANNs 
along with variants such as CNNs, has led to the develop-
ment of robust models with improved learning abilities [56]. 
In fact, the proper design of the model architecture is a key 
factor for successful learning.

One aspect of architecture that is exploited in the pro-
posed Neural-FCM approach is the decoder architecture. 
A decoder is a fundamental design concept in autoencod-
ers [57] and generative AI [58]. Essentially, a decoder, is a 
function g, as in Eq. 6, that maps an input x ∈ ℝd to a higher 
dimension output Y ∈ ℝD, where d < D. In contrast to the 
widely used encoder architecture [51], which progressively 
decreases the input dimension for feature learning, the 
decoder operates in the exact opposite manner. It gradually 
increases the input vector through stacked hidden layers, 
enabling the model to effectively learn a representation of 
the data, also referred to as an embedding or latent variable, 
which can be used to generate new data samples.

3  Methodology

Considering the related work analysis, the core novel idea 
behind Neural-FCM is to investigate a decoding ANN archi-
tecture capable of generating instance-specific weight matri-
ces for FCM-based reasoning. To illustrate this, Fig. 2 presents 
how Neural-FCM extends the typical black-box classification 
process of ANNs by integrating transparent FCM inference. 

include Fuzzy-Rough Cognitive Networks [45] and Deep-
FCMs [46–48] which utilize information granules rather 
than low-level features. Such methods in which concepts do 
not correspond to low-level features, are beyond the scope 
of this work.

2.2  Artificial neural networks

ANNs, as previously discussed, are data-driven, “black-
box” models that utilize ML paradigms to approximate 
complex, non-linear functions. According to the universal 
approximation theorem, a multilayer ANN can, theoreti-
cally, learn any arbitrary relationship between input and 
output data, given sufficient parameters and training, to an 
acceptable level of accuracy [49]. This concept is formal-
ized as a function g that maps an N-dimensional input to a 
K-dimensional output (Eq. 6):

gθ : RN → RK � (6)

In an ANN, θ denotes trainable weights and biases that are 
associated with the following elements [50]:

	● Depth: The total number of layers in the ANN.
	● Layers: Configuration parameters for each layer, in-

cluding operation type (e.g., perceptron, convolution, 
residual connections [51]), number of neurons or ker-
nels and activation functions.

	● Optimizer: A method for adjusting weights during 
training. As backpropagation [52] is the dominant al-
gorithm for training large-scale Neural Networks, an 
optimizer such as Adam [53] is employed to perform 
efficient weight updates. Backpropagation functions by 
calculating the gradient of the error with respect to the 
weights and biases, and the optimizer adjusts them in 
the opposite direction of the gradient.

	● Loss function: The loss (or cost) function penalizes 
the network based on prediction errors [54]. For back-
propagation to work, the loss function must be differ-
entiable. The objective during training is to minimize 
this loss function by adjusting the weights of the net-
work. In classification tasks, a commonly used loss 
function is categorical cross-entropy (CCE), which 
quantifies the dissimilarity between the predicted and 
the true distributions. For a dataset with M instances 
and K classes, the categorical cross-entropy is defined 
as (Eq. 7):

LCCE = − 1
M

∑
M
m=1

∑
K
k=1ym,klog (ŷm,k)� (7)
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Algorithm 1 presents a concise pseudocode summarizing the 
procedural flow of Neural-FCM learning. The following sub-
sections elaborate in more detail on the working principles 
and technical components of the proposed methodology.

Furthermore, Table 2 provides a side-by-side comparison of 
the generic processing steps involved in a traditional ANN 
classifier and the proposed Neural-FCM approach, offer-
ing a high-level conceptual overview. To complement this, 

Table 2  A step-by-step comparison of the processing pipeline between a typical ANN classifier and the proposed Neural-FCM model. Neural-FCM 
modifies the typical procedure by generating instance-specific weight matrices to be used for FCM reasoning
Process-
ing Step

Typical ANN Classifier Neural-FCM

Step 1 An input N-length feature vector of an 
m-th data instance is passed to a multilayer 
perceptron (MLP).

An input (N + K)-length vector of an m-th data instance is passed to the Neural-FCM, 
with N input features, and a K-length dummy vector representing K total classes.

Step 2 The hidden layers obscurely process the 
input vector to predict the corresponding 
class

The hidden layers obscurely process the input vector, decoding it into an instance-
specific (N + K)×(N + K) matrix W

Step 3 The output is assessed based on a differ-
entiable cost function during training to 
adjust the weights. In a trained model, the 
predictions on new unseen data are utilized 
for reasoning and decision-making without 
any transparency.

The matrix output W, the input vector (denoted as a0 in the first FCM iteration) and 
the inference formula A (Eq. 3) are subsequently employed for FCM construction and 
inference for a fixed number of iterations, as described in Sect. 2.1.

Step 4 The error for the output (class) concepts is calculated in the modified loss function 
after FCM inference. During training, the loss function penalizes outputs (FCM weight 
matrices) that produce high errors in the FCM reasoning. It is obvious that as the 
learning error decreases, more meaningful matrices are generated. Finally, the trained 
Neural-FCM can then be employed to output instance-specific weight matrices to be 
used for FCM class decision. Weighted interconnections and input features can be fur-
ther studied to analyze causes and effects, enhancing transparency in decision-making.

Fig. 2  Comparison between a standard MLP (top) and the proposed 
Neural-FCM (bottom) that elucidates the novel introduction of the 
additional FCM processing step and the employed ANN architec-

ture. Neural-FCM employs a hybrid model to decode an input into an 
instance-specific FCM weight matrix. The weight matrix is then used 
for FCM inference with Eq. 3 before calculating prediction loss
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Using the FCM model FCM(xm, A, Wm) where A is the 
activation formula (Eq. 3) that transforms xm to a final acti-
vation vector am, the objective of learning is to find the 
optimal Wm that minimizes the classification error as it is 
denoted in Eq. 10:

W ∗
m = argmin

W m

∑
M
m=1CCE(am,k, ym,k),

for k = N + 1, N + 2, . . . , N + K
� (10)

Where:

	● W ∗
m is the optimal weight matrix for instance m. To 

comply with the semantics of FCMs [1], each element 
of the matrix W ∗

m is constrained to the interval [− 1,1] 
where negative values represent inhibitory influence and 
positive values represent excitatory influence among 
concepts.

	● CCE is the classification loss of Eq. 7,
	● am,k is the value of the k-th class concept in the final 

activation vector.
	● ym,kis the binary indicator for the one-hot encoded 

class label.

Unlike traditional FCM learning approaches that produce 
a single and static weight matrix shared across all inputs, 
Eqs.  (9) and (10) define a dynamic formulation, where a 
distinct matrix Wm is generated for each input xm. This per-
instance matrix generation allows the model to adapt its 

Algorithm 1

3.1  Neural Fuzzy Cognitive Map

To implement Neural-FCM learning, a decoding ANN archi-
tecture for transforming input vectors into weight matrices 
and a differentiable FCM-based loss function for penalizing 
inaccurate matrices are essential components.

3.1.1  Learning

For a dataset X ∈ ℝM×(N+K) with M, N, K ∈ ℕ*, and a data 
instance m = (xm, ym) where xm = (xm,1, xm,2, … xm, N) rep-
resents the N input features and ym = (ym, N+1, ym, N+2, … 
ym, N+K) represents the one-hot encoded (Eq.  1) K class 
labels, Neural-FCM can be defined as a decoding function 
approximation (Eq. 9):

gθ : [xm; v] → W m� (9)

Here, Wm ∈ [− 1,1] (N+K) × (N+K) is an instance-specific matrix 
describing the weighted interconnections among the N + K 
FCM concepts, v a dummy vector of length K and [xm; v] 
the concatenated input vector of length N + K, and θ the 
decoder’s trainable weights. The dummy vector v ensures 
consistency during matrix multiplication within the FCM 
activation formula (Eq. 3). Since v represents the class con-
cepts, all elements take a fixed value of 0.5, or the median 
of the defined [0,1] interval. Hereafter, for clarity and unless 
otherwise specified, the concatenated input vector [xm; v] 
will be denoted as xm.

1 3
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3.1.3  Loss function

A critical component of Neural-FCM implementation is the 
custom loss function that penalizes non-conforming weight 
matrices. TensorFlow [32] and Keras are employed to define 
and prototype this custom loss function, which internally 
incorporates matrix multiplication operations from Eq.  3 
before computing CCE (Eq. 7). TensorFlow’s automatic dif-
ferentiation [59] simplifies gradient computations, allowing 
efficient implementation of the FCM reasoning step within 
the loss function. To differentiate automatically, the frame-
work tracks operations and their order during the forward pass 
and computes gradients during the backward pass by travers-
ing the operation list in reverse. This section emphasizes the 
high-level details of the proposed modified CCE loss function 
and shuns the low-level concepts of backpropagation.

Besides penalizing the network for classification effi-
ciency, the proposed loss function further ensures that the 
derived weight matrices conform to the standard model 
architecture [1]. Moreover, it penalizes interconnections 
to acquire a matrix for a feed-forward FCM architecture 
with (1) recurrence only between input concepts, and (2) 
no self-connections, as the one presented in Fig. 1 (Left). 
This is achieved by performing three calculations, or in 
other words, by combining three loss functions in the final 
weighted total loss. Following the previously defined nota-
tions, these losses are defined as:

1.	 Classification Loss: For the employed class-per-output 
FCM classifier the CCE loss function is employed. 
Equation 7 is transformed into Eq. 11 which calculates 
the cross-entropy loss between the true labels (one-hot 
representation) of the m-th instance, and the am, N+k 
output concepts of the final activation state vector a. 
The activation values of output concepts are passed 
through a softmax activation function (Eq. 12) to yield 
probabilities.

Lclassification = − 1
M

∑
M
m=1

∑
K
k=1ym,klog (âm, N+k)� (11)

âm, N+k = f (am, N+k) = eam, N+k

∑ N+K
k eam, N+k

� (12)

2.	 Diagonal Loss: This loss aims to vanish self-con-
nections among concepts by minimizing the diagonal 
entries of the weight matrix Wm (Eq. 13), following the 
restrictions defined with Eq. 3. The standard FCM archi-
tecture requires the constraint of wi, j = 0 for i = j which 
practically means that a concept value is only affected 
by other concept values in the model. Thus, enhancing 
the interpretability of identified causes and effects [1].

internal structure to the context of each input, thus introduc-
ing structural dynamicity into the reasoning process, aim-
ing to facilitate both reasoning accuracy and data fitting, as 
further exemplified in the results section.

3.1.2  Decoding architecture

Considering the employed ANN architecture for decod-
ing the input vector into a weight matrix, it comprises both 
dense (fully connected) and convolutional layers. Dense 
layers are utilized in the beginning of the network to pro-
cess and expand input vectors, while convolutional layers 
are found towards the end to process grid structure data. 
Although the whole decoding process could be achieved 
with merely dense layers, the utilization of convolutional 
layers, results in higher efficiency. The network’s architec-
ture is empirically chosen and further presented herein. It 
is worth mentioning that as with ANNs and essentially any 
parametric ML algorithm, each dataset may be benefited by 
re-configuring the Neural-FCM architecture and by experi-
menting with more layers, neurons and other properties. In 
more detail, the ANN architecture consists of:

1.	 Initial Layer: The first hidden layer contains the same 
number of neurons as the length of xm and is employed 
to trigger initial fully connected weighted relationships 
between data attributes.

2.	 Decoding Dense Layer: A subsequent dense layer with 
(N + K)2 neurons processes and enlarges the input vec-
tor. Both the current and the previous layer employ 
the Rectified Linear Unit (ReLU) activation function 
(Eq.  8) known for its computational efficiency and 
reduction of the vanishing gradient problem [55].

3.	 Reshaping Layer: The third consecutive layer reshapes 
the (N + K)2-length vector into an (N + K)×(N + K)×1 
matrix.

4.	 Convolutional Layer: This layer applies (N + K)2 con-
volutional filters, each with the commonly employed 
window size of 3 × 3, zero-padding, and ReLU 
activation.

5.	 Output Layer: Finally, the output layer applies a single 
convolution filter of 1 × 1 size with zero-padding, in 
order to shrink the (N + K) × (N + K) × (N + K)2 tensor 
and to produce the desired (N + K)× (N + K)×1 output 
matrix. To ensure the weight matrix Wi conforms to the 
FCM constraint of wi, j ∈ [−1, 1], the hyperbolic tangent 
(Eq.  5) activation function is employed as the output 
activation.

An abstract representation of the Neural-FCM architecture, 
that thoroughly described herein, is depicted in Fig. 2.

1 3
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distinct FCM models, each systematically evaluated across 
7 datasets to ensure robustness and reliability of the find-
ings. The datasets are chosen to provide diverse challenges 
for the models, further validating the general applicability 
of the selected parameters.

For the ANN training of Neural-FCM, a batch size of 126 
is employed, a choice made empirically to balance compu-
tational efficiency and learning stability. The chosen batch 
size represents a practical trade-off between these consider-
ations, as early experiments indicated, ensuring consistent 
performance across datasets and enhancing convergence 
while improving training speed. Additionally, the Adam 
optimizer [53] a well-established algorithm known for 
its adaptive learning rate and computational efficiency, is 
utilized to streamline the training process, along with the 
K-fold method for cross-validation.

4  Experiment setup

4.1  Datasets

Following the state-of-the-art [22, 25, 41], a variety of data-
sets are employed for assessing the generalization of the 
proposed approach. Particularly, six of these datasets are 
publicly available, derive from public databases such as the 
UCI Machine Learning Repository [60] and are popular for 
benchmarking ML and low-level FCM algorithms across 
diverse domains. The seventh dataset is proprietary, derived 
from the health sector, and contains sensitive medical infor-
mation regarding Corona Artery Disease (CAD) [61]. Each 
dataset varies in size, complexity, and feature composition, 
offering a comprehensive evaluation platform for assessing 
Neural-FCM’s accuracy and generalization. Moreover, the 
inclusion of health datasets introduces real-world complex-
ity, particularly in healthcare-related decision-making. The 
characteristics of the employed datasets are summarized in 
Table 3. While the datasets employed are of moderate scale, 
they represent a standard testbed for low-level FCM clas-
sification learning, as used in prior studies. The use of these 
benchmarks allows a direct and fair comparison of Neural-
FCM with existing approaches in the field.

Ldiagonal = 1
M

1
N + K

∑
M
m=1

∑
N+K
i=1 W m,i,i

2� (13)

3.	 Output Loss: This loss diminishes connections from 
the output concepts toward input concepts, following 
the FCM classifier architecture that allows interconnec-
tions only between input features [22]. This practically 
means that class concepts are modeled as dependent 
variables that do not affect the values of input concepts. 
Thus, the k rows, for k = N + 1, 2, … N + K, of the weight 
matrix Wm of each m instance, need to have zero values. 
This is formulated in Eq. 14 as the output loss.

Loutput = 1
M

1
K

1
N + K

∑
M
m=1

∑
K
i=1

∑
N+K
j=1 W m,i,j

2� (14)

The total loss (Eq. 15) is calculated as the summation of the 
previous losses. Emphasis is given in the classification loss 
by empirically utilizing a weight parameter we = 2:

Total loss = weLossclassification + Lossdiagonal + Lossoutput� (15)

The steps that are performed inside the loss function for 
each training instance xm are the following:

step 1.	 Employ xm and Wm to construct an FCM with 
N + K total concepts. Moreover, this step clarifies that 
besides the Wm that derives from the Neural-FCM out-
put layer, and the one-hot encoded label vector ym, the 
Neural-FCM loss function necessitates the input xm as a 
function parameter.

step 2.	 Perform FCM inference with (Eq. 3) and the input 
xm for t iterations. Iterations t is an additional parameter 
that must be predefined.

step 3.	 Assess the total error using Eq. 15.
step 4.	 Backpropagate to update Wm outputs based on the 

computed error.

3.1.4  Model tuning

Lastly, an important consideration in this study is the selec-
tion of FCM model parameters, which play a crucial role in 
the model’s performance. These parameters are determined 
through a systematic experimentation process, aiming to 
balance accuracy, efficiency, and generalizability. Specifi-
cally, the most effective FCM classifier parameters, such 
as the number of iterations t in the FCM inference formula 
and the λ-slope parameters in the sigmoid function (Eq. 4) 
are evaluated, following recommendations from the litera-
ture [25]. Experiments are conducted using t ∈ {1, 2, 3, 4, 
5, 6} reflecting a range of inference depths, and λ ∈ {1, 2, 
3, 4, 5} capturing varying levels of nonlinearity in the sig-
moid activation. These parameter combinations result in 30 

Table 3  Datasets information
Dataset Attributes Classes Instances
CAD [61] 22 2 571
Pima Diabetes [62] 7 2 768
Thyroid [63] 5 3 215
Breast Cancer Wisconsin [64] 30 2 569
Iris [65] 4 3 150
Wine [66] 13 3 178
German Credit Data [67] 19 2 1000
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the Python programming language (version 3.10) and with 
the TensorFlow (version 2.9.1) [32]. Other useful tools that 
are employed herein are the CUDA toolkit (version 11.8) 
and the cuDNN for GPU processing, and the Matplotlib 
[68], NumPy [37], and pandas [69] python libraries for 
plotting and data processing. The development code can be 
found in the authors’ github1.

5  Results

This section initially presents the results of parameter tun-
ing which facilitate in discovering the proper settings for 
maximum predictive accuracy. Subsequently a compara-
tive analysis with state-of-the-art methods is performed, 
focusing on low-level FCM classifiers that were rigorously 
tested across a variety of datasets. Finally, the generated 
instance-specific weight matrices are analyzed to acquire 
insights of the learned weight interconnections that facili-
tate interpretability.

5.1  Parameter tuning

The 10-fold cross-validation method and average results 
across folds are employed to ensure reliability. The reserved 
hold-out group is used for testing, while a validation split 
(20% of the training data) monitors overfitting with early 
stopping. The assessment considers the average classifica-
tion metrics of accuracy, and F1-score achieved in the test 
dataset. Tables 4 and 5 summarize the performance of the 

1   ​h​t​t​p​​s​:​/​​/​g​i​t​​h​u​​b​.​c​​o​m​/​t​​h​e​o​​t​z​i​​o​l​/​​N​e​u​​r​a​l​-​​F​C​​M​-​C​l​a​s​s​i​f​i​e​r ​h​t​t​p​s​:​​​/​​/​d​r​i​v​​e​​.​g​
o​​o​g​l​​​e​.​c​​​o​m​​/​f​i​​​l​​e​/​​d​/​1​​D​Z​h​​Y​X​x​​N​8​P​​8​s​B​0​​e​a​​o​z​3​​y​T​E​c​​s​S​p​​f​x​U​​s​​V​c​O​/​​v​i​e​w​​?​u​
s​p​=​s​h​a​r​i​n​g.

4.2  Preprocessing

Standard preprocessing steps are applied to all datasets to 
ensure uniformity before model development. These steps 
include:

	● Data normalization in the range of [0,1] using the min-
max normalization method.

	● Integer (ordinal) encoding columns that contain text.
	● One-hot encoding transformation of class labels for de-

fining class-per-output FCM architectures and for utiliz-
ing CCE as a cost function.

	● Splitting of input/label vectors. In the input vector the 
class attributes are initialized with the dummy value of 
0.5 as previously discussed (Sect. 3.1.1).

Moreover, the custom loss function for Neural-FCM 
requires both the model’s output (weight matrices) and the 
original input vectors for FCM construction and inference. 
Thus, input vectors and one-hot encoded output vectors 
were concatenated and passed together as a single argu-
ment to the loss function, which splits them internally. This 
approach aligns with the high-level frameworks of Keras, 
which typically expects only two parameters in a cost func-
tion definition.

4.3  Hardware and software

All experiments are conducted in a customized workstation 
that is equipped with an Intel Core i9 −11900KF @ 3.5 GHz 
processor, 16 GB of DDR4 RAM, and NVIDIA GeForce 
RTX 3080 Ti with 12GB of GDDR6X memory, running 
windows 10 professional. The software is developed with 

Table 4  Best metrics attained by Neural-FCM based on the λ, t, parameters
Dataset Accuracy F1-Score s/Epoch Epochs λ t
CAD 0.7949 ± 0.0470 0.7934 ± 0.0472 0.252 ± 0.012 45.3 ± 12.3 1 6
Diabetes 0.7539 ± 0.0617 0.6826 ± 0.1199 0.141 ± 0.009 111.1 ± 43.7 1 1
Thyroid 0.9448 ± 0.0481 0.9080 ± 0.1002 0.059 ± 0.047 411.2 ± 213.0 1 1
Breast Cancer Wisconsin 0.9789 ± 0.0262 0.9774 ± 0.0258 0.135 ± 0.005 106.1 ± 42.58 5 1
Iris 0.9667 ± 0.0333 0.9646 ± 0.0367 0.047 ± 0.001 549.4 ± 223.0 1 1
Wine 0.9833 ± 0.0255 0.9846 ± 0.0237 0.076 ± 0.003 405.9 ± 321.3 2 6
German Credit Data 0.7600 ± 0.0359 0.6769 ± 0.0387 0.189 ± 0.012 78.5 ± 34.0 3 1

Table 5  Worst metrics attained by Neural-FCM based on the λ, t, parameters
Dataset Accuracy F1-Score s/Epoch Epochs λ t
CAD 0.6495 ± 0.1368 0.5606 ± 0.2160 0.194 ± 0.014 30.5 ± 18.1 5 3
Diabetes 0.6496 ± 0.0542 0.4124 ± 0.0671 0.167 ± 0.013 234.0 ± 147.6 4 2
Thyroid 0.8093 ± 0.1290 0.6150 ± 0.2313 0.092 ± 0.004 168.2 ± 28.5 4 4
Breast Cancer Wisconsin 0.7485 ± 0.2158 0.6485 ± 0.2944 0.159 ± 0.008 64.8 ± 15.0 4 2
Iris 0.7667 ± 0.2534 0.7298 ± 0.2859 0.053 ± 0.001 541.3 ± 290.0 5 2
Wine 0.8886 ± 0.1609 0.8785 ± 0.1888 0.065 ± 0.006 498.5 ± 582.7 3 3
German Credit Data 0.7070 ± 0.0550 0.4718 ± 0.1024 0.367 ± 0.031 85.2 ± 72.8 5 5
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well-established ML models such as Random Forests 
(RF) and Support Vector Machines (SVM) were evalu-
ated among others in the referenced works. These models 
have consistently ranked among the most accurate in large-
scale benchmark studies on UCI datasets [71]. Therefore, 
we do not meticulously investigate other works with ML 
models for accuracy comparison in the widely used public 
datasets. CpO architectures with genetic algorithm learning 
(GA) were initially examined in [22]. The extended work 
of [34] provided accurate FCM classifiers by proposing 
Single-Output (SO) architecture with a threshold algorithm. 
Finally, for the proprietary CAD dataset, both the multi-
modal DeepFCM of [61] and the proposed ML models of 
[70] are employed for comparison, providing performance 
insights against a hybrid high-level CNN-FCM classifier 
and state-of-the-art ML methods respectively. Regarding 
the computational requirements, the relevant FCM litera-
ture conceals the allocated resources, and the time needed 
for learning and understates the importance of such metrics. 
Hence, no performance comparison can be made for similar 
metrics.

Neural-FCM demonstrates predictive performance 
improvement across most datasets. In particular, for the 
CAD dataset, it outperforms the models proposed in [61, 70] 
which are tailored solutions with domain-specific optimiza-
tion. A noteworthy finding is the substantial performance 
gain over traditional class-per-output (CpO) FCM-based 
architectures trained via standard genetic algorithms with 
Neural-FCM achieving up to a 34% accuracy increase in the 
Wine dataset. Significant improvements are also observed 
when compared to more sophisticated CpO learning meth-
ods such as gradient descent-based FCMs, ML models and 

best and the worst parameter configurations (λ, t), respec-
tively. In addition, the average time per epoch (in seconds) 
and the average epochs that are required to train Neural-
FCM with the employed hardware setup and the corre-
sponding parameters are presented to disclose computation 
requirements.

The results indicate that the Neural-FCM achieves 
increased classification performance when both sigmoid 
slope and number of iterations are not excessively high. 
Only German Credit Data and Breast Cancer Wisconsin 
datasets show improvement when λ parameter is increased. 
Datasets such as Wine and CAD datasets require additional 
iterations to maximize classification performance. It is 
worth mentioning, that when a single FCM iteration is con-
sidered, which proved the most efficient solution based on 
the reported experiments and the literature findings [34], the 
FCM operates as a typical feed forward neural network.

5.2  Comparative analysis

To further understand Neural-FCM’s strengths and weak-
nesses, we compared its performance with existing FCM 
methods and ML models from the literature. The aim of the 
comparison is to assess if the performance achieved with 
the Neural-FCM is in line with previous works in the field.

Consequently, Table  6 summarizes the accuracy com-
parison against the implementations and models that were 
presented in the works of [22, 25, 34, 41, 61, 70]. In more 
detail, the works of [25, 41] are selected as they tackled the 
poor predictive accuracy limitations of Class-per-Output 
(CpO) architectures, proved by their contrasting analy-
sis of their proposed FCM learning methods. In addition, 

Table 6  Comparative accuracy performance of Neural-FCM against existing FCM learning approaches, ML models and hybrid methods reported 
in the literature
Dataset DeepFCM (PSO-

CNN-SO) [61]
FCM-GA 
(CpO) [22]

FCM (SO) [34] FCM-PSO-Caps 
(CpO) [41]

FCM 
Gradient [25]

ML models Neural-
FCM

Accuracy
CAD 0.7795 - - - - 0.7887

1RF [61, 70]
0.7949

Diabetes - - - - 0.7800 0.7700
2SVCrbf [25]

0.7539

Thyroid - 0.8528 0.9870 0.9133 - 0.9620
RF [41]

0.9448

Breast Cancer - - 0.9570 0.9117 0.9600 0.9800
3SCVlin [25]

0.9789

Iris - 0.6944 0.9850 - 0.9700 0.9800
RF [25]

0.9667

Wine - 0.6400 0.9250 0.9778 0.9700 0.9800
RF [25]

0.9846

German Credit 
Data

- - - - 0.7000 0.7100
4LR [25]

0.7600

Abbreviations: 1RF: Random Forest, 2SVCrbf Support Vector Machines with radial basis function kernel, 3SVClin Support Vector Machines 
with linear kernel, 4LR Linear Regression
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the weight matrices generated are presented for three ran-
domly selected test instances from the Thyroid dataset, each 
belonging to a different class. Each matrix in the figure cor-
responds to the Neural-FCM output and its purpose is to 
be exploited for transparent and interpretable reasoning. 
As with traditional FCMs, the weights can be interpreted 
as causal relationships between concepts, where positive 
values indicate excitatory influence and negative values 
indicate inhibitory influence. The term causality herein is 

capsule network hybrids. The comparison with the SO 
model architecture reveals dataset-dependent trade-offs in 
accuracy.

5.3  Instance-specific weight matrices

The following figures (Figs. 3 and 4) present the dynamic 
weight matrix adaptation feature of Neural-FCM that offers 
structural flexibility and facilitates interpretability. In Fig. 3, 

Fig. 4  Average (left) and standard deviation (right) of the Neural-
FCM-generated weight matrices across all 43 test instances in the Thy-
roid dataset. The average matrix shows the general strength and direc-
tion of influence among concept variables across all test samples. The 
standard deviation matrix reveals how much these weights vary from 
instance to instance, highlighting the dynamic and personalized nature 
of Neural-FCM. Higher standard deviations in certain regions indicate 

that the model adapts weight strengths and dynamically reconfigures 
causal influences depending on input context, supporting instance-
adaptive FCM reasoning depending on the input instance. In class 
columns particularly, the high standard deviation values indicate a key 
advantage of Neural-FCM over static CpO models as these weights 
greatly adapt to assist in decision making and accurate classification

 

Fig. 3  Instance-specific weight matrices generated by Neural-FCM for 
three different cases from the Thyroid test dataset, each belonging to 
a distinct class. The columns {Class 1, Class 2, Class 3} correspond 
to the class concepts Normal, Hyperthyroidism, and Hypothyroidism, 
respectively, and indicate the influence of each input variable toward 

each classification outcome. The variation in weight values, both in 
strength and polarity, across instances highlights the model’s dynamic 
reasoning mechanism. These instance-specific matrices demonstrate 
how Neural-FCM adapts the causal structure to suit individual inputs, 
preserving interpretability while improving classification accuracy
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of single-output architectures obfuscates the interpretation 
regarding the polarity and the degree of influence of input 
concepts towards the output, especially for non-binary clas-
sification tasks. Hence, it has an interpretability disadvan-
tage over CpO architecture. The gradient-based approach 
[25] attempted to address the ineffectiveness of CpO archi-
tectures but at the cost of core FCM properties, introducing 
elements such as bias nodes, self-loops, and modified reason-
ing rules. Neural-FCM achieves comparable or occasionally 
improved accuracy without such structural compromises, 
thereby maintaining the foundational principles of FCMs, 
which are essential for interpreting causes and effects. Fur-
thermore, the comparison with case-specific works in the 
CAD dataset further supported that the proposed method 
generalizes fairly across domains and particularly in real-
world medical datasets. These comparative results validate 
the effectiveness of the proposed method and support its 
generalizability across diverse classification tasks.

Besides predictive performance, the adherence to core 
FCM reasoning is one of Neural-FCM’s central strengths. 
Furthermore, Neural-FCM introduces a novel feature: the 
ability to generate dynamic weight matrices, that is, to out-
put a unique weight matrix for each input vector. This fea-
ture builds on ideas from FGCMs by learning to estimate 
weights that adapt to specific instance characteristics. In 
contrast to FGCMs, which require manually transitioning 
grey ranges into crisp values, Neural-FCM automatically 
performs this transition through data-driven learning. The 
resulting behavior is both flexible and robust, enabling the 
model to fine-tune its reasoning structure per instance. This 
instance-adaptive causal modeling provides greater preci-
sion and context awareness than static FCM approaches. As 
shown in Fig.  3, the generated weight matrices differ not 
just in values but also in polarity of key connections. For 
instance, in the case of a sample diagnosed with Hypothy-
roidism, the input concepts “Total serum triiodothyronine” 
and “Max absolute difference of TSH” exhibit strong posi-
tive influence on the hypothyroidism class concept, while 
exerting negative influence on the other class concepts. This 
suggests that higher values of these input features increase 
the model’s confidence in assigning the hypothyroidism 
class, reflecting a case-specific learned association structure. 
This structural adjustment allows Neural-FCM to adapt its 
reasoning mechanism per input, a capability not available 
in static FCMs, which assign the same weight regardless of 
context.

Furthermore, the matrices presented in Fig.  4 offer an 
intuitive illustration of the key advantages of Neural-FCM 
over traditional static FCM models. The average matrix 
(left panel) represents what a static FCM would typically 
aim to produce, a single, fixed weight configuration meant 
to generalize across all inputs. Such matrices, commonly 

borrowed from expert-based FCMs and is used to describe 
directional and strength associations. Data-driven models 
like Neural-FCM can capture spurious or confounded cor-
relations that help with prediction [72] without typically 
providing true causality.

Neural-FCM generates a distinct matrix for each input, 
allowing the reasoning process to be context-sensitive and 
data-adaptive. This dynamic behavior is evident in the 
changes observed across the three instance-specific matri-
ces. Notably, the weights in the class-related columns vary 
not only in magnitude but also in polarity, depending on 
the class and input features. This demonstrates that Neural-
FCM adapts the causal structure to better fit the classifica-
tion needs of each instance, a feature not achievable in static 
FCMs, which apply the same causal assumptions univer-
sally. While a full interpretive analysis requires domain-
specific knowledge and is beyond the scope of this study, 
preliminary observations suggest that Neural-FCM adjusts 
inter-concept weights in ways that align with class-specific 
patterns.

To further explore this structural flexibility, Fig. 4 pres-
ents the aggregate behavior of Neural-FCM’s generated 
weight matrices for the Thyroid test dataset. The left matrix 
shows average weight values, reflecting consistent patterns 
of influence learned by the model. In the context of tradi-
tional FCMs the average matrix can also be interpreted as 
a static weight matrix that aims to capture generic causal 
tendencies. The right matrix visualizes the standard devia-
tion per weight, revealing which connections vary most 
between instances. These patterns provide an insight into 
how Neural-FCM adapts the causal structure dynamically 
per instance, a key advantage over static FCM approaches. 
These matrices can also be interpreted as a method to iden-
tify weight ranges, like the weight ranges that FGCM are 
producing.

Regarding the weight matrices in the rest of the employed 
datasets, similar behavior is observed. Nevertheless, for 
clarity purposes, only the thyroid dataset is picked for anal-
ysis and exhibition, as it consists of a few attributes and 
thus, the variations and the conclusions are more noticeable.

6  Discussion

6.1  Strengths and contributions

The comparative analysis validated the significant predic-
tive performance enhancement of CpO architecture when 
integrated with the proposed approach. Compared to the 
reported most efficient architecture representation, the sin-
gle-output architecture [34], Neural-FCM maintains a com-
petitive edge. However, besides accuracy, the utilization 
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real-time processing or practical use in small- to medium-
scale applications. Nevertheless, future work should focus 
on a more comprehensive assessment of computation com-
plexity and on more complex datasets that usually low-level 
FCMs are struggling with.

Neural-FCM, as a pure data-driven approach, inher-
its known limitations in FCM learning literature [3]. Tra-
ditional FCMs derive their weight matrices from expert 
knowledge, while data-driven methods often produce matri-
ces that prioritize fitting the data rather than representing 
genuine causal relationships. Consequently, these intercon-
nections may serve as cost-minimizing artifacts than true 
causality indicators. A promising direction for improvement 
that is examined in our learning method is to incorporate 
structural constraints into the learning process. As demon-
strated in Eqs. 13 and 14, the loss function can be modi-
fied to penalize undesirable connections. Future work could 
involve hybrid strategies where domain experts provide 
guidance in the form of soft constraints or allowable weight 
ranges, preserving causal semantics while maintaining pre-
dictive power.

Another important consideration is the model’s align-
ment with goals in eXplainable Artificial Intelligence (XAI) 
[5]. While FCMs are traditionally viewed as transparent 
models, the integration of a deep ANN as a decoder intro-
duces an opaque component in the reasoning chain. This 
added complexity raises questions about the extent to which 
Neural-FCM retains its interpretability. While the matrix 
generation process in Neural-FCM involves a deep network, 
it should be noted that previous population-based learn-
ing approaches are similarly non-transparent [72], relying 
on stochastic operations without interpretable traceability. 
Thus, Neural-FCM maintains the interpretability of the 
decision-making process by preserving the standard FCM 
structure, even if the learning process itself remains a black-
box, as is common across FCM weight matrix optimiza-
tion methods. In addition, advances in XAI, particularly in 
methods for explaining deep models could tackle such chal-
lenges and potentially reveal additional avenues for improv-
ing Neural-FCM.

7  Summary

This study presents Neural-FCM, a novel method for 
learning and structure modeling of Fuzzy Cognitive Map 
(FCM) classifiers that addresses key limitations in the cur-
rent state-of-the-art. Existing data-driven FCM approaches 
often fail to achieve high predictive accuracy without sac-
rificing interpretability, as many recent methods modify 
core FCM structures to compete with black-box models. In 
contrast, Neural-FCM integrates principles from artificial 

derived through population-based methods, tend to smooth 
out the nuances between instances, thus sacrificing context-
specific reasoning. In contrast, the standard deviation matrix 
(right panel) captures the variability of each weight across 
individual instances, highlighting the adaptive behavior of 
Neural-FCM. Such behavior helps explain the improved 
classification accuracy observed in CpO architectures, par-
ticularly in tasks where subtle input shifts lead to meaning-
ful output changes. It is important to note that the identified 
influence patterns in the weight matrices, while interpre-
table, do not imply confirmed causal relationships and can-
not be interpreted as definitive proof of causality without 
expert-defined constraints or interventional validation.

6.2  Limitations and future directions

The experiments initially aimed to identify optimal itera-
tion and sigmoid slope parameters, which are commonly 
regulated within FCM implementations. The findings align 
with previous research and do not provide any new out-
comes, confirming superior performance for single-iteration 
reasoning, analogous to the operational principles of feed-
forward ANNs. This implies that the decision is influenced 
solely by the weighted connections between input and out-
put nodes during the first iteration, as states in input concept 
states are not updated through interconnections. As a result, 
the learning problem is simplified, requiring fewer steps to 
converge. Future work could address the number of FCM 
iterations tuning, by incorporating the selection of the num-
ber of iterations into the ANN architecture as an additional 
predictive output head.

Regarding computational cost, generating a distinct 
weight matrix for each input introduces additional memory 
and runtime overhead compared to traditional static FCMs. 
To assess this, we report the average time per epoch, and the 
number of training epochs required for convergence across 
all datasets (Tables 4 and 5), offering an empirical perspec-
tive often missing in related work. While a formal complex-
ity analysis is beyond the scope of this paper, these metrics 
provide practical insight into the model’s runtime behavior. 
It is also worth noting that the dimensions of the generated 
weight matrices remain modest. For instance, in the Breast 
Cancer dataset, the Neural-FCM model outputs a 32 × 32 
matrix per instance, a scale significantly smaller than typi-
cal convolutional neural network (CNN) applications in 
computer vision [47], which often involve input tensors of 
size 224 × 224 × 3 and process millions of samples in mod-
est times. Given that Neural-FCM operates on low-dimen-
sional, tabular data, the computational demands remain 
manageable, especially for modern GPU or CPU setups. 
Thus, although per-instance modeling incurs some cost, we 
argue that the impact is negligible and does not preclude 
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