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Abstract. There is a lot of discussion regarding the interpretability and explain-

ability of modern artificial intelligence methodologies, especially in applications 

such as medical imaging. Scientists argue that the most vital drawback of com-

plex algorithms is their behaviour as black boxes. It is agreed that applying the 

newly developed methods in industry, medicine, agriculture, and other modern 

fields, such as the Internet of Things, requires the trustfulness of the systems from 

the users. Users are always entitled to know why and how each method made a 

decision and which factors played a role. Otherwise, they will always be wary of 

using new techniques. Fuzzy Cognitive Maps are an evolving computational 

method to model human knowledge, provide decisions handling uncertainty, and 

are the core of many modern intelligent systems. Numerous studies in various 

fields employ FCMs, which report top performance, sometimes proving superior 

to several Machine Learning models. In this work, we analyse the nature of FCMs 

in terms of their trust, transferability, causality, informativeness, and transpar-

ency, providing the reader with several success stories that reveal the suitability 

of FMCs in many domains. 
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1 Introduction 

Modern Artificial Intelligence, especially Machine Learning (ML) and Deep Learning 

(DL) [1], has become an established and dominant discipline in many activity sectors 

embracing new technologies. The feature development of human society lies in ML and 

DL to solve intricate problems and offer reliable solutions [2]. It is often discussed that 

the potential of ML and DL may transform human-oriented processes into automatic 

everyday tasks, wherein human intervention is no longer required.  

In medicine, the decisions of ML and DL models could affect human lives directly. 

Human health differentiates from other human activities in many ways. In medicine, 

every decision must be justified based on golden, globally accepted standards, although, 

on many occasions, medical staff are required to improvise. 
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In this context, the act of DL as a black box [3] makes the medical community re-

luctant to adopt DL in assisting with everyday challenges. There is an increasing de-

mand for transparency and interpretability of the new methods. Since 2018, a new dis-

cipline has been introduced by an increasing number of researchers. This discipline is 

called eXplainable Artificial Intelligence (XAI) [4]. XAI refers not only to technical 

aspects of the DL models that ensure some level of interpretability but also integrates 

the concepts of data privacy and accountability.  

Fuzzy Cognitive Maps (FCM) are elements and methods union of fuzzy logic and 

Neural Networks. It is a calculating method capable of processing uncertain infor-

mation. An FCM describes a system with a graphic display, which includes concepts 

and the relationships among them. They intend to model human knowledge, not dis-

cover it from raw data.  

Our motivation for the structure of this work is the recent work of Arrieta et al. [4], 

which raises issues regarding the interpretability of modern AI methods. Moreover, in 

the prementioned work, the author attempts to divide the problem and the concept of 

interpretability into many pieces - aspects that each system must be evaluated. We in-

tend to defend FCMs and their approach against the correctly raised issues in our work. 

Moreover, we attempt to fortify the theory of FCM with contemporary answers to vital 

issues, such as accuracy metrics, experts' collaboration, causality and transparency. 

2 Methods 

From a technical point of view, considering the interpretability of a newly developed 

ML or DL model can improve its implementability. Firstly, designing an interpretable 

model ensures impartiality in the decision-making process. Secondly, interpretability 

can point out potential adversarial perturbations that affect the prediction. This enables 

specific improvements to the core of the model itself. Thirdly, interpretability can en-

sure that only the meaningful features infer the desired output, thereby highlighting that 

an underlying causality exists in the given data and the model reasoning. 

Several research papers mention crucial XAI aspects of the proposed models to fa-

cilitate interpretability. Arrieta et al. [4] classified those aspects as follows: 

a) Trustworthiness: We trust the model to operate as usual without supervision, even 

in unknown conditions.  

b) Causality: Causality requires a wide frame of prior knowledge. Simply discover-

ing data variables correlated with the desired effect does not ensure that the model can 

explain the deep cause and effect relationships between the features.  

c) Transferability: The ability of the model to operate as usual when facing a differ-

ent problem by transferring its knowledge, which is initially obtained by training in a 

specific domain. 

d) Informativeness: an XAI model should be able to be informative as to its inner 

structure and the decision-making problem it is solving. 

e) Confidence: Confidence should always be assessed on a model in which reliabil-

ity is expected. One of the most crucial aspects of the model to ensure confidence is its 

stability to produce reliable results.  
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f) Fairness: an XAI model should suggest a clear visualisation of any relations af-

fecting the desired task, allowing for fairness of ethical analysis 

g) Accessibility: Accessibility refers to the property that allows end users to under-

stand how the model works.  

h) Interactivity: In fields where the end users are an important part of the process, 

the ability of a model to offer interaction with the user is often considered a vital aspect. 

i) Privacy Awareness: Privacy breaches may be entailed when a model is not trans-

parent enough about what information has captured and is used to predict the desired 

outcome. On the contrary, total transparency regarding inner relations may also raise 

privacy concerns, especially when non-authorised users gain access to the model's 

mechanism. 

2.1 Fuzzy Cognitive Maps in a nutshell 

A Fuzzy Cognitive Map shows a graphic display to present the model and the system's 

behaviour. The notions of an FCM interact according to non-precise rules, so the pro-

cedures of multi-complex systems are simulated. The FCMs constitute a modelling 

method consisting of a grid of interconnected and interdependent concepts Ci (varia-

bles), as well as of the existing relations among them, W (weights). Fuzzy Cognitive 

Maps operate through a knowledge integration of a group of experts, who examine and 

describe the system. A very descriptive overview can be found in the work of Groum-

pos et al. [5].  

3 Results and Discussion 

Considering that the is no specific formal technical meaning for the node of interpreta-

bility, we analyse the aspects of Fuzzy Cognitive Maps in the following areas – fields: 

(a) trust, (b) transferability, (c) causality, (d) informativeness, (e) transparency, (f) post 

– hoc interpretability.  

3.1 FCM and Trust  

Trust is directly related to the model's accuracy. However, trust as a notion itself has 

not a specific meaning when it comes to machine learning. It is wrong to identify the 

algorithm's accuracy with our confidence. We trust the FCM models as much as we 

trust human knowledge. For example, in [6], the authors presented an FCM that 

achieves 90.26% accuracy in identifying brain tumours of 100 patients. Trust is also 

related to the amount of evaluation data and the origin of those data.  

If we are sure of the authenticity of the scientific knowledge of those involved in 

creating the model, we are sure of the model itself, as long as the model does indeed 

work. A second factor is our confidence in the model's technical creators. But this topic 

applies to everything that man creates, and it makes no sense to specialise it further in 

FCMs. Fuzzy Cognitive Maps are trustworthy because they incorporate human 

knowledge. The experts only define their weights and mechanism. The model can be 
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trusted as long as the experts' way is trustworthy and based on proven assumptions. 

Concluding, FCMs give what they take. 

3.2 FCM and Transferability 

Transferability usually applies to machine learning methods, such as Neural Networks 

or Convolutional Neural Networks. Typically, we choose training and test data by ran-

domly partitioning examples from the same distribution. We then judge a model's gen-

eralisation error by the gap between its training and test data performance. However, 

humans exhibit a far richer capacity to generalise, transferring learned skills to unfa-

miliar situations. 

FCMs may or may not use data [5]. The ability to generalise depends strongly on 

their architecture, complexity, and overall simplicity [5]. FCM's ability to generalise at 

a higher level than human beings is to be investigated. So far, the proposed FCM mod-

els try to mimic the generalisation ability of the developers and the experts. That ability 

is reflected in the weight values, the concept handling, and the ways the concepts inter-

act. A very intuitive example of FCM's transferability is presented in [7], where the 

authors present an FCM model to predict the spread of COVID-19 diseases across dif-

ferent countries. It is found that their model is applicable in many situations without 

dropping its accuracy.  

3.3 FCMs and Causality 

Fuzzy Cognitive Maps provide a distinguishable way to express the cause-effect rela-

tionship between phenomena, between numeric, nominal, binary, or categorical param-

eters. A complex system may include all the factors mentioned above. Relationships 

between them, provided that they are discovered, can be represented visually and math-

ematically through FCMs. This way, not only the developers but also the experts in the 

field may observe and understand the FCM representations. Inspecting the visual side 

of the FCM, one can understand every parameter and connection and have a first sight 

of how each concept affects the other. 

The interconnections between concepts learned by supervised learning algorithms 

are not ensured to reflect causal connections. That does not mean that unobserved 

causes may not exist; one target of supervised learning is to make assumptions regard-

ing the relations between mutually affected concepts during training and testing. As-

sumptions that can be confirmed or denied experimentally later. Compared to trainable 

artificial intelligence algorithms, FCM does not intend to discover associations that may 

or may not exist.  

In the work of Morone et al. [8], the authors demonstrated some policy drivers, such 

as "Public food waste rules", "Investments and infrastructure", and "Small-scale farm-

ing", that are particularly effective in supporting a new and sustainable food consump-

tion model. Their FCM model modelled the causality of the involved attributes suc-

cessfully.  
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3.4 FCMs and Informativeness 

Developing an FCM that expresses the reality may conflict with the development of an 

FCM based on a specific dataset, which does not explain the reality accurately. A spe-

cific weight between two concepts suggested by an expert on the matter may not be 

confirmed by a sample of data. This suggests that the dataset is bad. Designing from 

scratch, or employing a state-of-the-art algorithm to make predictions on this dataset, 

is pointless. One can obtain high accuracy; however, the trained system's weights will 

not explain the real relationships; thus, the dataset's flaws are transferred to the model.  

One can blame FCMs for non-dynamism. From one aspect, that is correct. FCMs' 

way of treating the concepts and the relationships are static, although several ap-

proaches argue that FCM weights can become trainable.  

Nevertheless, the nature of the FCM enables them to present the user with the entire 

reasoning in both quantitative and qualitative manners. A study by Papageorgiou et al. 

[9] presented a very informative graph that reveals all the relationships among the con-

cepts and informs the user about the assigned weights. 

3.5 FCMs and Transparency 

New regulations in the European Union proposed that people affected by algorithmic 

decisions have a right to an explanation [10]. Exactly what structure such clarification 

may take or how such a clarification could be demonstrated right remain open ques-

tions. Moreover, the same regulations suggest that algorithmic decisions should be con-

testable. The comprehensiveness of FCM, its ability to visualise the procedure and its 

transparency in every step suggests that the user always has complete control of the 

decisions the model suggests. We will discuss more on this matter in post hoc interpret-

ability. 

3.6 FCMs and Post-hoc Interpretability 

Post-hoc interpretability introduces a particular way to deal with extricating data 

from learned models. While posthoc understandings regularly don't clarify decisively 

how a model functions, they may, in any case, give valuable data for specialists and 

end clients of AI. Some normal ways to deal with posthoc elucidations incorporate reg-

ular language clarifications, perceptions of scholarly portrayals or models, and clarifi-

cations by model. 

Humans often justify decisions verbally. Providing the user information regarding 

the reason the FCM predicts the specific class or suggests certain actions are methods 

to enhance the trust between the model and the user. Utilising common algorithms, 

FCMs can translate their predictions to any format. A major advantage of FCMs, which 

aids in the post hoc interpretability of a whole system, is their ability to play a unifying 

role. In other words, machine learning predictions, algorithms and rules can be parts of 

a bigger system. Those parts shall be united under the FCM, which makes the final 

decision based on the accuracies of the classifiers and perhaps some other non-trainable 
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parameters. This way, a non-interpretable classification method is embedded into an 

interpretable system that reduces ambiguity and is user-friendly.  
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