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Abstract- Nowadays, machine learning (ML) has 

shown significant success in making high-tensile 

decisions for health care, economic, legal, and public 

safety domains. These domains require not only 

accurate prediction models but also understandable 

predictions because these models should be 

transparent, non-discriminatory, and auditable. 

However, a significant challenge arises from the 

trade-off between model complexity and 

interpretability: They have found that highly 

accurate methods, including deep neural networks, 

may not be interpretable, but weakly interpretable 

models are less precise, for instance, performing 

worse than deep neural networks. The current article 

discusses principles and methodologies used in XML 

and the approaches appropriate for using these 

models in critical decision-making contexts. It 

discusses methods of model interpretation of 

intrinsic and post-hoc types, particular types of 

interpretable models, and specific explanation 

methods like SHAP and LIME. The discussion above 

reveals some pertinent problems, including using 

accurate general models, incorporating bias-free and 

fair models, and integrating the algorithms in real-

time business decisions. This paper also discusses the 

ethics of XML, societal concerns relating to the use 

of XML and calls for trust and accountability as well 

as compliance with the set regulations. As 

summarised, the paper discusses the further 

prospects for research in the subject area, with 

causal explainability, the use of interactive tools, and 

the creation of appropriate ethical standards for 

using explainable AI systems. By creating the bridge 

between transparency and performance, XML points 

to approaches to develop trustful, fair, and efficient 

ML solutions for critical applications. 
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I. INTRODUCTION 

 

ML is rapidly advancing and is being embraced in 

several communities, especially where decisions 

emerging from algorithms are likely to have 

devastating impacts on human beings. These 

environments include the health, financial, security, 

and legal systems. In these fields, ML systems are used 

to make important decisions, including the nature of 

disease for diagnostic purposes, granting or rejecting 

loan applications, recommending bail amounts for 

suspects on remand, and regulating crucial societal 

utilities that serve an essential societal need. Due to 

these high-profile consequences of such decisions, it 

has been necessary that modern ML models not only 

boast high prediction accuracy rates but also explain 

how they make such decisions. This is especially so 

when the decisions made are special, such as those that 

affect individuals' lifetime; then, it is important to 

record the process to avoid any controversies that may 

arise, as well as transparency, accountability, and 

fairness. 

 

The recent rise of artificial intelligence in such crucial 

tasks has elevated the need for methods that can 

provide good and reliable model performance, such as 

machine learning techniques, yet allow an 

understanding of how decisions are arrived at. 

Although the application of ML models has 

demonstrated potential for enhancing various 

decision-making processes, many of these models 

behave like the "black boxes." An implication of this 

is that even professionals in the discipline can barely 
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parse the reasons for arriving at a particular decision a 

model makes. This lack of interpretability creates 

problems in trust, responsibilities, and directness, 

especially when such choices are legally implicated or 

financially consequential. For example, in the health 

sector, a failure of the ML model to adequately explain 

a diagnosis can lead to the wrong treatment approach 

and even be life-threatening. Likewise, an invisible 

loan approval process in finance may result in biases 

within the lending decision that negatively impact 

given groups of people. 

 

Some challenges associated with conventional 

machine learning have given birth to a sub-discipline 

known as explainable machine learning (XML). XML 

emphasizes constructing methods and apparatus that 

allow individuals to comprehend why a specific 

forecast or decision was reached at the model level. 

The purpose of XML lies in improving the readability 

of complex ML models so that even for domain 

specialists, it will remain comprehensible. This is 

especially crucial in decision-making texts where 

decision-makers need to rely on the concept model and 

be able to check and counter the reason behind the 

concept model's prediction. XML can assist in shining 

light on the decision-making process so that the 

Responsible, Ethical and Legal use of ML Models is 

accomplished. 

 

 
Fig.1 How to Visualize and Debug Machine Learning 

Models using ELI5 

 

The basic rule of modelling explainable artificial 

intelligence is that an explanation should be both 

correct and intelligible by the human mind. This 

implies that the explanations the model gives must be 

made consumable and helpful to the users of the 

model. In particular, in the medical domain, a doctor 

may not have to understand the mathematical 

algorithms used to present the result; however, they 

may have to grasp the main criteria that led to the 

result. Whenever the model suggests that one or 

several symptoms, individually or in combination, 

significantly point to a particular condition, the doctor 

should be able to determine whether the features in 

question are consistent with their understanding of the 

disease. This kind of explainability is particularly 

important when seeking to build confidence in the 

practitioners who rely on such models when making 

critical decisions. 

 

Another characteristic of XML is that it guarantees 

that the explanations developed by the problem match 

the ethical and legal benchmarks. In many high-impact 

contexts,  legal and regulatory practice demand that 

decision-making be fair and not should nomination. 

For instance, some laws restrict discriminative credit 

practices, such as discrimination based on race, colour, 

sex, and age, among others in the financial sector. In 

the same way, criminal justice fears that algorithmic 

bias of risk assessments could work to the 

disadvantage of certain populations. In such cases, 

XML is useful in parsing out inherent bias in the model 

and analyzing the probabilities the model gives. In this 

way, XML contributes to designing models that do not 

catastrophically interact with existing societal 

inequalities by explaining how the decisions are made. 

In addition, explainability in ML solutions is essential 

in solving problems related to responsibility and 

accountability. When a decision is made, it is crucial 

to understand who is behind the decision that has been 

made. In some cases, like self-driving cars or 

diagnosis of diseases, wrong decision-making can 

have disastrous impacts. Since XML tracks the 

decision-making process, it is easier to determine who 

should be tagged as responsible for harm resulting 

from a decision. This can be important in legally 

related situations where the algorithm's predictions or 

suggestions can justify the definite legal action of a 

subject in question, informing that no two machine 

learning models are alike regarding their capacity to 

be explained. Linear models like linear regression or 

decision tree models are easy to explain since, if their 

parameters or structure are described, the way of 

thinking of the model is easily understood. However, 

in complicated models like deep neural networks, the 

procedures become much more complex and time-

consuming due to the large number of parameters in 
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the models. Therefore, further work is being done in 

the field of XML to elaborate on understanding these 

more sophisticated models. Methods currently used 

include feature importance, surrogate models, and 

local explanations that allow us to know how this 

model provides prognosis and to reveal possible 

sources of prejudice or error. 

 

Therefore, the problems of explainable machine 

learning extend the issues of the interpretability-model 

performance trade-off. As it often occurs, adding 

layers of complexity to the model improves its outlook 

for prediction only at the cost of interpretability. This 

causes a problem in practice, as practitioners are left 

with whether to optimize for accuracy or usability. 

While some applications may have high degrees of 

precision as their main focus, others may need a 

compromise between performance and 

interpretability. For example, a very accurate model 

for diagnosing a disease in healthcare may not be used 

due to a lack of interpretability, even though a 

marketing model may be fine even if it cannot be 

interpreted easily. 

 

Nevertheless, the role of xAI is indispensable because 

explainable Machine Learning remains one of the 

biggest problems to solve in the field. This is why 

machine learning is increasingly finding applications 

within industries that would desperately apply them; 

the systems have to be effective but also explainable, 

traceable, and, most importantly, ethical. In this way, 

XML can prevent machine learning systems from 

making 'unfair' decisions and counter social biases 

towards users by creating models that offer simple and 

understandable logical explanations. This will be 

instrumental in promoting the right applications of 

Machine Learning in areas where decisions impact 

people's lives. 

 

II. THE HIGH-RISK CHOICES AND 

CONSEQUENT STRATEGIC BEHAVIOR 

 

Higher-risk decision-making is a process that implies 

critical consequences for people, companies and 

society as a whole. These decisions are often made 

where failure's repercussions are severe, permanent, or 

necessary. Critical choices must be made at any time, 

plans and risk assessments should be properly 

weighed, and consequences should be considered. The 

distinctive characteristics of high-stakes decision-

making can be analyzed through several key aspects. 

A review of academic literature on LCA revealed five 

major limitations: irreversibility, regulation 

infringement, multi-stakeholder implication, and 

perception of bias. Each feature defines decisions and 

thus requires a solid framework to work within and 

cushion against the resultant decision impacts and 

imperatives of decision disclosure. 

 

Table 1: A Table Summarizing The Key 

Characteristics (Irreversibility, Regulatory 

Compliance, Multistakeholder Impact, Risk Of Bias) 

And Their Implications. 

Characteristic Description Implications 

Irreversibility Refers to the 

difficulty or 

impossibilit

y of undoing 

the effects of 

a decision or 

action. 

Requires careful 

evaluation of 

long-term 

consequences to 

avoid 

unintended 

outcomes and 

permanent harm. 

Regulatory 

Compliance 

Ensures 

adherence to 

laws, 

regulations, 

and 

standards 

relevant to 

the system or 

process. 

Non-compliance 

can result in 

legal penalties, 

reputational 

damage, and loss 

of stakeholder 

trust. 

Multistakehold

er Impact 

Considers 

how 

decisions or 

actions 

affect 

diverse 

groups, 

including 

users, 

organization

s, and 

society. 

Promotes 

inclusivity and 

fairness by 

addressing the 

needs and 

concerns of all 

relevant 

stakeholders. 

Risk of Bias The 

potential for 

systematic 

favoritism or 

Undetected bias 

can lead to 

unfair treatment, 

reduce 
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prejudice in 

processes, 

decisions, or 

outcomes. 

credibility, and 

harm those 

disproportionate

ly affected. 

 

2.1 Irreversibility 

One of the most prominent characteristics in high 

stakes decisions in high stakes decisions is that such 

decisions cannot be easily reversed. While regular 

choices are very often reversible within some time 

frame, high-stakes decisions are those that may take 

irreversible actions or make irreversible choices. Even 

in areas like health, law enforcement, finance, and 

administration, solutions can influence the lives of the 

people involved without room for undoing them. For 

example, a wrong medical diagnosis or legal judgment 

directly affects people; thus, it has to be done 

correctly. In initiating a course of action, there can be 

no recall or seeking compensation for the affected 

parties. Because the process is irreversible, the stakes 

are higher, and there must be considerable care, more 

analysis, and greater responsibility. It also emphasizes 

being utterly clear about why the decisions are made, 

where all the relevant factors must be considered, and 

all potential mistakes must be obvious. 

 

2.2 Regulatory Compliance 

The other feature of high-stakes decision-making is 

that they are subjected to substantial legal compliance 

standards. This means that decision-making at the 

higher risk level faces several legalities and ethical and 

regulatory standards to check on their compliance and 

conformity to individual rights and the general public. 

Whether in the course of health care, commerce, 

funds, or government, the laws and policies are 

conducive to protecting the public's benefits and 

maintaining fairness, justice, and equity. These 

regulations tend to prescribe high decision-making 

standards; in other words, decisions must be correct 

and legal. Legal frameworks can vary greatly 

depending on the domain, but the underlying principle 

remains the same: this often means that large 

consequence choices require consideration of legal 

requirements and Guidelines. The consequences for 

failing to meet or violate the standards range from 

legal action to loss of the public's trust and damage to 

the individuals or communities they interact with. 

 

Besides, compliance requirements increase the 

complexity of enterprises' decision-making. There are 

numerous rules, policies, and standards to be followed 

by the decision-makers, and if they do not comply, the 

results could be catastrophic. Often, the organizations 

and institutions who are making high-risk decisions on 

behalf of others have to leave documentation, 

justification and evidence of their granted actions, 

including audits and reviews. It will help ensure that 

decisions are made legally and also will help keep the 

legitimacy and moral high ground in decision-making. 

The need for compliance also underlines the 

significance of the decision-making approvals that 

would be legal and ethical, too, for non-compliance 

results in huge ramifications. 

 

2.3 Multistakeholder Impact 

Large-choice decisions impact all stakeholders at 

various levels, including individual, organizational, 

and societal. While low-risk-low-risk choices might 

affect a few individuals or organisations, high-risk 

decisions affect many individuals, organizations, and 

societies that have their rights and responsibilities. For 

instance, action in healthcare has impacts not only on 

the patient, provider, insurance firm and the public at 

large. Decisions made in governmental regulations or 

corporations ' plans may influence employees, 

customers, communities, and even entire industries. 

This multistakeholder impact brings the challenge of 

balancing the different entities' needs and demands, 

mainly so that the decisions will not only provide the 

common good but also where the actions will not 

negatively affect the vulnerability of society's more 

sensitive groups. 

 

Multiple stakeholder involvement also results in 

accountability challenges, communication, and 

transparency. Once stakeholders are involved, there 

will be a need for the decision-makers to the decision-

makers will needle. This goes a long way in reassuring 

other stakeholders to embrace the organisation's 

decision since they are seen as fair and just. Also, 

using the key participant's approach may assist in 

revealing different issues that may be contradictory to 

other participants in the supply chain. For instance, a 

healthcare decision made in such a manner might 

favour one party while affecting another negatively 

and, therefore, tension or dissatisfaction. Hence, the 

decision-makers involved in high-stakes decisions 
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must interact with stakeholders, hear from them, and 

attempt to meet all interested parties halfway. 

 

2.4 Risk of Bias 

The other general feature that could be identified in the 

consequences of decision-making includes the risk of 

bias. It has always been noted that even micro-average 

prejudices may bring certain decisions that have a 

huge impact on the lives of people closer to justice or 

pervert them even more. Many kinds of biases may 

affect the organization, including including personal 

bias, cultural bias, and data bias. In fields such as law, 

finance, and health care, prejudice can lead to 

prejudice in decision-making, unequal treatment or 

enlargement of social disparities. For instance, 

discrimination based on race or gender in the equality 

of penalty by police or employment opportunities the 

Black and female individuals respectively are violated. 

In diagnostics, there may also be biases which 

eventually lead to worse or better recommendations 

depending on the patient's gender, race or other 

factors, deepening health inequalities. 

 

Because bias poses critical risks in decision-making, 

decision-makers should pay keen attention to sources 

of unfair work or discrimination. This calls for 

advocacy for the constant use of tools that combat 

biases at both personal and organizational levels. : It 

also means that the goal of decision-making should be 

the objective of choosing the best solution free of 

personal biases and based on the facts resulting from 

relevant research. AI has more intense requirements to 

explain the basis for decisions where algorithms 

inform high-stakes machine learning applications. It 

is, therefore, necessary to check that the models used 

are as transparent as possible and can be explained so 

that biases are detected and corrected before causing 

any more impact. 

 

In high-risk high-risk decisions, the risk that arises 

from prejudice is too costly to overlook. When 

decision-makers realize and eliminate biases before 

arriving at the decision-making table, they likely 

achieve a just decision. Thus, focusing on 

equitableness and impartiality is essential for the 

continued population's trust in decisions because 

people accept only fair choices. 

 

 

2.5 Explainability, as the Sophisticated Requirement 

Due to the high stakes inherent in decision-making 

processes, explainability emerges as a necessary factor 

to enforce trust, as well as to support audits and 

eliminate biases. Whenever decisions have profound 

implications of failure, pre-and-post-decision 

situations must require elucidation of how decisions 

are made, especially when derived from complicated 

models or equations. Organizational decision-making 

brings together several stakeholders affected by the 

decision, thus enhancing accountability and oversight. 

If organizations make sure that the reasons behind 

these choices are transparent, the assertiveness of 

power results in fairness and compliance. 

 

This is specifically true in machine learning (ml) and 

artificial intelligence (ai) systems, where more 

advanced thinking models often back decisions made. 

These models can be elaborate, and some of the most 

important information is hard to come by. Thus, 

decision-makers and affected parties may not 

understand why certain decisions are made. Writing 

these explanations enables a model's stakeholders to 

analyse the fairness of the decision which has been 

made, the logic used in making that decision, and the 

absence or presence of negative bias. This is not only 

an issue of compliance with regulatory and legal 

requirements, which continue to be relevant to many 

large-scale decision-making processes, but it also is 

about visible and legitimate decision-making at a time 

when public trust is increasingly a matter of concern 

and scrutiny. 

 

III. THEREFORE, THE TYPE OF MODEL WE 

AIM TO DEVELOP IS EASILY 

EXPLAINABLE IN THE CONTEXT OF 

THE FIELDS AND CONCEPTS GIVEN 

BELOW: 

 

Explanation in the context of machine learning is an 

important concept that seeks to capture how models 

are explainable by their human end users. These 

machine learning models are often used to make life-

changing decisions that affect lives, businesses, and 

societal welfare. The depth of machine learning grows 

with the model's complexity, making it important to 

guarantee that these systems are explainable and that 

the results are understandable to others with no 

expertise in the particular subject and solely subject-
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matter experts. This is especially true when models are 

relied on in fields such as health, finance, law or 

criminal justice, self-driving cars and trucks, and other 

lifepisensive fields. 

 

Deep learning and other ensemble models that can be 

applied to many applications are considered "black 

boxes" since it is difficult to understand how to make 

decisions. Even though such models can yield very 

high levels of accuracy in terms of the predictions 

made, their structure restricts end-user cognitive 

insight in terms of how and why certain decisions were 

arrived at to the application of rigid heuristics. The 

explainability approach can fill the deficiency by 

offering information on the inner functions of the 

model, increasing the buyers' confidence, and 

assuming responsibility. In the case of AI, the lack of 

matters leads to semantics, inequality results or poor 

decisions for the computation. Therefore, the demand 

for XAI is for sophisticated methods and an ethically 

accurate AI model. 

 

Explainability can be broadly categorized into two 

main types: Global Explainability and Local 

Explainability. These categories differentiate the kinds 

of knowledge that users might need from a machine 

learning model. They both are useful and can be 

significant in different situations. The following two 

sections provide elaborated definitions of these two 

sorts of explainability. 

 

3.1 Global Explainability 

In the case of machine learning models, global 

explainability is the understanding of aspects that 

include but are not limited to the structure and 

functionality of the model itself. It means that if a 

model is globally explainable, it gives users an 

understanding of how it behaves when it operates 

across keystreams of inputs. Unlike model-specific or 

decision-level explainability, this form focuses on the 

Average Explainability question: “How does the 

model work? Global explanations are particularly 

relevant when assessing the model concerning its 

international or overall fairness, consistency, and 

transparency. 

 

For instance, in the credit scoring model, each factor, 

such as income, credit history, and debt-to-income 

ratio, is explained with how it is used to arrive at the 

required credit scoring. This is more so since financial 

institutions commonly use these criteria in traditional 

credit scoring systems, which are mainly well-defined, 

and the weights assigned are easily discernable. 

However, when it comes to machine learning models, 

especially deep learning models, showing how input 

features are used to make the final prediction is not as 

easy. Global explainability tools’ main goal is to offer 

an overall outlook of features and predictions. 

 

A global model explanation is often more 

understandable and interpretable than a model that 

keeps its processes a mystery. Some of the algorithms 

that can easily provide a level of global explainability 

include Linear regression, decision trees, and rules-

based models. Whereas relatively simple models, such 

as linear regression or K-nearest neighbour models, 

can be very transparent, more complex methods, such 

as deep learning networks or random forests, need not 

be. However, different approaches were created to 

provide worldwide information about these models: 

feature importance scores, model reduction 

techniques, and surrogate models. 

 

One of the most typical approaches to global 

explanations is feature importance analysis. This 

technique sorts out these input features based on their 

importance in helping the model forecast. For 

instance, show how much each feature counts in the 

random forest model by calculating the error reduction 

in the model. In the same way, in neural networks, 

there are other approaches like layer-wise relevance 

propagation, where it is possible to understand what 

features were important during an output 

determination. These methods offer a basic approach 

to gauge the global architecture of the model and 

pinpoint those aspects of a given data that exert the 

most force in shaping expectations. 

 

The second approach is simplification, replacing a 

complex model with a less complex one to explain the 

situation, for instance, instead of implementing a full-

blown sunspot classification algorithm based on just 

decision trees and other decision tree-based models for 

a complex deep-learning process. The simpler 

decision tree can then be studied to notice overall 

patterns and trends in the model’s decisions. 
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Fig.2 Global, Local and Cohort Explainability. 

 

Although global explainability gives an overview of 

how the model works, it does not help in a detailed 

understanding of particular predictions. That is why 

local explainability is necessary, too. 

 

3.2 Local Explainability 

Local explainability is used to explain specific 

predictions or decisions a machine learning model 

makes on an instance. Finally, there is local 

explainability, which focuses on what the model did to 

predict in a given example. This form of explainability 

is particularly important in cases where one prediction 

can change a human's life in one way or another. For 

instance, a particular model may develop a specific 

diagnosis or recommend specific treatment to an 

individual. Given the reasons for the model's 

determination, this might be important for the doctor 

and patient. 

 

Local explanations make it easy to discover prejudices 

or inaccuracies in the model's response that are not 

discernible from the entire network perspective. 

Despite detailed analyses and assessments, a model 

will have high IT for the set population but, for some 

specific cases, will contain errors and/or have bias. In 

these particular instances, local methods are designed 

to support local interpretability, which can indicate the 

reliability and fairness of the model to stakeholders. 

 

One of the most common techniques for local 

explainability is LIME (Local Interpretable Model-

agnostic Explanations). LIME's implementation 

strategy uses a local, explainable submodel to 

approximate the original black box by highlighting the 

feature's contribution toward a specific prediction. The 

concept here is to create a set of similar points around 

a given data point and train a far simpler model in this 

locality to capture the decision boundary. In this way, 

LIME explains related to the specific sample of the 

prediction under discussion. 

 

Another prevalent local methodology is SHAP 

(Shapley Additive exPlanations), which currently 

offers one set of scores for measuring feature 

importance regardless of the model used. SHAP 

values rely on game theory and then provide a method 

of splitting the credit concerning a model's model's 

prediction amongst the input features. Where other 

models reduce model explanation between two 

summary values, SHAP returns a detailed explanation 

local to a given prediction. 

 

Local postprocessing methods are most effective when 

various stakeholders must control decision-making. 

For instance, in criminal justice systems, one must 

know why a certain risk score was assigned to a certain 

person. Likewise, in the hiring process, local 

rationales can offer the reasons why a particular 

candidate got hired or rejected in the selection process 

and recruitment to ensure that non-sexism or racism is 

involved in the process. 

 

Global and local explainability significantly contribute 

to engaging and authenticating machine learning 

systems. While global approaches provide high-level 

information about the nature of the model's behaviour, 

local approaches specify why a specific prediction was 

made. When applied in conjunction, it can offset most 

of the risks inherent in using black-box models and 

prevent misuse of artificial intelligence. 

 

IV. TECHNIQUES FOR EXPLAINABLE 

MACHINE LEARNING 

 

The field of explainable machine learning (XAI) is 

still relatively new and emerges for the need to 

understand models. Due to certain complexities 

inherent in the working of the ML models and as more 

and larger models are deployed in the real world, there 

is a lot of emphasis on the interpretability of the 

outcomes and decisions made based on such models in 
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critical application areas such as healthcare, finance, 

and autonomous transportation. The objective of XAI 

is to make these models interpretable and, at the same 

time, provide good accuracy. Many methods have 

been adopted to create this balance. These methods are 

distinguished based on the level of explainability of 

intrinsically explainable models, post-hoc 

interpretation, and combined ones. 

 

4.1 Owing to the influence of interpretability, the 

literature has seen various innately interpretable 

models. 

Simple models are intrinsically interpretable models 

that use structures that make them easy to understand 

because of their nature. Unlike other models that need 

more tools and techniques to explain the model's 

outputs, these models are expected to give explanatory 

information from their constitutions. 

 

 
Fig.3 A Comparative Bar Chart Showing The 

Strengths And Limitations Of Linear Models, 

Decision Trees, And Gams (Generalized Additive 

Models) In Terms Of Interpretability And Accuracy. 

 

Linear regression is an intrinsically interpretable 

model to which the kitchen sink method was applied 

in the present case study. Simple models like linear 

models, such as linear regression, are easy to 

understand mainly because they can easily express an 

input feature's relationship with outputs. In these 

models, each feature's impact is quantized by a weight 

or a coefficient that exhibits the degree and direction 

of the effect on the target variable. These models are 

easy to interpret because they are simple and 

structured, and users know how the prediction is 

arrived at. However, the disadvantage is the inability 

of linear models to explain the independent effects of 

the variables' interaction interactions. It established a 

direct proportional nature between inputs and outputs, 

which may not be very suitable for data mining tasks 

involving more complex patterns such as curvilinear 

ones. 

 

Decision trees are another case of interpretable models 

since their working algorithm is transparent. They 

decompose a prediction task into a sequence of binary 

decisions made on the set of features. These decisions 

build up a tree-like fashion in which the internal node 

constitutes a decision based on a feature. At the same 

time, a leaf node represents the final exhaustive 

conclusion. The decision tree is transparent because it 

captures the process of the decision-making. Thus, 

when using it, it is very easy to understand how a given 

prediction was arrived at. Nonetheless, decision trees 

are subject to certain problems, such as when deep and 

complex. In addition, they also suffer from scalability 

issues when there are numerous features or 

observations, and the visualization from the model 

appears too hectic to analyze. 

 

Generalized Additive Models (GAMs) are a 

generalization of linear models by allowing each 

feature to have an arbitrary non-linear function of the 

feature. However, linear models present directions that 

assume a linear relationship to be true, while GAMs 

are free to model non-linear effects by generating 

different functions for the analyzed features. This 

approach balances the model's interpretative nature 

and the flexibility to capture more expansive 

relationships between data elements. While GAMs 

retain much of the basic characteristics of linear 

models, they can provide substantial flexibility, which 

qualifies them for several uses. As with linear models, 

however, GAMs may be inadequate for some 

situations where more complex forms of interactions 

between variables are necessary. 

 

4.2 Post-Hoc Explanation Methods 

While many models are inherently interpretable, most 

state-of-the-art models, including Deep Neural 

Networks, are practically imperfect. In these cases, 

other post-explanation methods are employed to 

explain the rationality of these "black box" models 

once they are developed. 

 

Feature importance is one such method. This approach 

analyses key features that influence a model's outcome 
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by measuring the outcome dependent on the feature. 

All the techniques of feature importance can be used 

with any model, like decision trees, random forests, 

and even neural networks. The result of the feature 

ranking allows users to decide which feature is the 

most important or which explains the model's 

behaviour from the prediction functions' point of view. 

Nevertheless, feature importance may not reveal 

details of the relationship between the features, and it 

does not consider how the two features work together 

for a decision to be made. 

 

Introducing Shapley Additive Explanations (SHAP), a 

newer and more accurately modelled approach based 

on game theory. SHAP is an algorithm that creates a 

variable's value by evaluating its contribution towards 

the prediction compared to every other feature. The 

benefit of this approach is that it offers finer and more 

accurate interpretation relative to feature importance, 

given that it considers interactions among features. 

SHAP values meet certain axiomatic properties such 

as monotonicity and symmetry, giving the idea of 

attributing feature contributions as rational and 

reasonable. SHAP is considered one of the most 

accurate techniques for interpreting models because 

apart from being both locally and globally explainable 

as easy to interpret, it is not sensitive to the 

hyperparameters of the ML model and works well 

with even complex deep neural networks. 

 

The second type of post-hoc explanation method 

involves the LIME acronym for Local Interpretable 

Model-agnostic Explanations). LIME focuses on the 

local approximation of complex models. It builds an 

interpretable model, such as a linear model or decision 

tree, around the prediction made by the concrete black 

box model. LIME stands for Local Interpretable 

Model-Agnostic Explanations: it involves creating a 

variation in the input data and analyzing how that 

changes the model's output to discover which 

components in the data contribute to the particular 

decision. At the same time, some approaches, such as 

SHAP, give global explanations of the model, but 

LIME concerns itself with providing a local 

explanation of a specific prediction. That makes LIME 

especially helpful in interpreting the particular 

decisions made by the model. However, such a 

solution does not necessarily shed light on the global 

structure and behaviour of the model. 

4.3 Hybrid Approaches 

The integrated systems combine simple, intrinsically 

understandable models and numerous other 

sophisticated, high-performing models. These 

approaches aim to achieve the optimal level of 

interpretability and prediction, which always conflicts 

with machine learning. One of the most common 

approaches is to incorporate some externally 

interpretable components into these complex models 

so that interpretability is not emphasized at the cost of 

accuracy. 

 

 
Fig.4 Review Of Deep Learning: Concepts, CNN 

Architectures, Challenges, Applications, Future 

Directions. 

 

First, attention mechanisms within neural networks 

can be characterized as a combined approach. One of 

the early types of connection between encoder and 

decoder is that attention mechanisms let the decoder 

peek at some of the source data. At the same time, it 

conducts prediction, which adds interpretability to the 

model. For instance, in natural language processing 

NLP tasks, the attention layers can cause the highlight 

of several words in a sentence that best fits a particular 

model. This gives users an understanding of which 

portions of input data are most useful for a specific 

prediction. While models employing the attention 

principles can sometimes be elaborate, utilizing 

attention weights allows the model to analyze the data 

in a translucent manner. 

 

Other mixed styles involve decision trees with 

complicated models such as GBMs, random forests, 

etc. For decision trees, it is particularly valuable when 
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they want to generate interpretable rule-based 

explanation outcomes of the decision, while for 

GBMs, the idea is to have increased accuracy from 

many decision trees. This way, practitioners will 

receive the advantages of using more complex models, 

which are explained by the fact that they perform 

better while receiving a clear explanation of an 

individual decision. These are pure models for 

interpretable and highly accurate models that are still 

challenged by how to get the best of both. 

 

V. CHALLENGES AND LIMITATIONS 

 

The escalated progressive machine learning models, 

including deep learning and ensemble methods, have 

been critical to many sectors. These relatively accurate 

and powerful methods have become essential in health 

and business. However, as these models become 

bigger, they pose problems that must be solved to 

achieve successful and responsible usage. Of these, the 

tensions between precision and interpretability, 

context-sensitive interpretability, bias-sensitive 

concerns, and the ability to scale up explanation 

methods are significant. The following sub-sections 

describe these challenges to illustrate their relevance 

to machine learning. 

 

5.1 The Accuracy vs Explanaibility Trade Off 

The trade-off between performance and 

interpretability is one of the most problematic 

problems regarding machine learning. Artificial neural 

networks and bitwise rating methods, with ''bagging'', 

''boosting'', and random forest being some of the 

ensemble models, make high performance and higher 

chances of learning intricate patterns from data. They 

already provide the current industry standard 

performance on various applications, including image 

recognition, natural language processing, and 

predictive analysis. On the one hand, their richness 

creates extra value, making them work well for people; 

conversely, they are somewhat equivocal. 

 
Fig.5 A Trade-Off Graph Illustrating The Balance 

Between Accuracy And Interpretability For Various 

Machine Learning Models. 

 

The main problem is, of course, in their inherent 

"black box" type of architecture. However, it is a bit 

more tricky when, for example, one wants to know 

how a specific decision has been made or what factors 

have led to the prediction of a particular model. This 

lack of specificity becomes a large issue in areas in 

which the outcome can have dire ramifications, 

including the decision regarding a patient's illness, 

credit rating, or legal standing. Patients, customers, 

and regulating authorities need clear and reliable 

explanations of molecular biomechanics and its 

outcomes in these cases. Therefore, we've been seeing 

increasing interest in models with the desirable 

properties of high accuracy and interpretability. 

 

Solving this trade-off is a challenge for a new 

paradigm. Some of these solutions require post-hoc 

explanations for complex models by using post-hoc 

techniques like LIME and SHAP, a methodology of 

explaining decision-making without modifying model 

architecture. They can provide a clue on which aspects 

were most crucial when the model was decided and, in 

a way, make high-performance models easier to 

explain. However, the reliability and credibility of 

these explanations are still an issue of research and 

development. 

 

5.2 Interpretable in Context 

However, the degree of explainability needed is very 

different depending on the ML scenario and the parties 

involved. Therefore, the explanation's satisfaction 

depends on the host domain, and this contextual nature 

of interpretability makes its deployment a very 

cumbersome affair. 
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For instance, transparency is essential in health care, 

and machine learning is employed to help with 

incision-making and vision-making. Medical 

professionals must know not only the result of the 

model but also why it arrived at such a result. A model 

that indicates a specific diagnosis or treatment must be 

identifiable regarding medical practice and knowledge 

to enable providers to make the right decision. 

However, a recommendation system in an e-

commerce platform may be an explanation of a set of 

products the platform recommends. In this case, 

although the sense of transparency is still present, it is 

not quite as critical, and it might be enough to provide 

users with easy-to-digest answers in the form of a list 

that influenced the recommendation. 

 

Indeed, stakeholders in the specific decision-making 

process also determine the level of explainability 

needed. For instance, regulatory bodies may need 

more transparency than end users depending on the 

application field, such as finance or criminal justice. In 

these domains, the explanation must be both 

interpretable and compliant: the model has to generate 

output that can be audited based on legal requirements 

to explain its decision in court. 

 

Thus, the major problem resides in how to link the 

explainability of machine learning to the requirements 

of various domains and possible users. This calls for a 

more refined understanding of the complexity 

involved in the model-building process and the 

explanation tools when they have to be applied across 

a wide range of domains and contexts, as well as users' 

needs. 

 

5.3 Bias and Fairness 

Another topical problem in applying machine learning 

models is the representation of bias and fairness. Thus, 

it is possible to allocate biases even to explainable 

models, which strive to reveal their decision-making 

processes and provide insights for interested parties. 

Such biases can arise from past injustices, imbalances 

in data-gathering techniques, or latent bias inherent in 

data from a particular culture. Bias is also a problem 

where machine learning models are trained with data 

containing such a bias in an organization since the 

results will also be inclined to the same bias. 

 

For example, in criminal justice, the algorithms used 

for predictive policing have been proven to increase 

probabilities based on race or economic status due to 

training data reflecting the over-policing of selected 

groups. The same is true with medical training data, 

where errors in the input data will result in worse 

predictions for blue-collar workers, which only widens 

the gap in healthcare. These issues can be worse, 

especially when the models make decisions that 

impact people’s lives directly. 

 

For instance, although explaining one model can 

pinpoint which factors are used in making a particular 

decision, it does not guarantee fairness. To tackle the 

bias problem, more fairness checks should still be 

performed at each model creation stage. This 

encompasses some of the issues faced when using 

data, ranging from the process of data gathering to 

ensuring that the datasets it works with are diverse and 

include equal representation from all genders and use 

of fairness constraints while training the model to 

minimize the chances of the model giving out biased 

results. Moreover, the biases persist and require 

constant inspection after deploying a model to 

determine when they start to appear. 

 

The issue of explainability and fairness should not be 

decided separately and sequentially but as intertwined 

concepts. It has been argued that a model can be fully 

explainable but undesirable, unfair, and unethical. 

Hence, the developers of machine learning models 

must consider the issues concerning the 

interpretability and fairness of model making, 

particularly in specializations with special concerns. 

 

5.4 Scalability 

As the models become sophisticated, the problem of 

scaling explanations in high-frequency decision-

making systems escalates. Applications where 

predictions are to be made within a short time range 

include real-time systems, self-creating cars, detecting 

frauds or dynamic pricing. However, the time and 

effort required to interpret these models in these 

contexts are relatively costly in terms of computational 

power. 

 

Real-time explanation of models also entails the 

computation of some extra time, which may be 

disadvantageous regarding the decision-making 
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period. In critical applications such as the vehicle self-

driving model, interpretation breakdowns can be 

dangerous to human life. Also, in financial trading 

systems where time is of the essence, requirements 

that enable explanation methods may slow down the 

system. 

 

It is also evident where models are used in large 

datasets or distributed systems when handling 

scalability. For instance, the explanation needed if the 

system is a global e-commerce recommendation 

system or a large social media platform is millions of 

decisions, often in real-time, that must be efficient and 

consistent with the platform’s user base. 

 

To overcome this challenge, methods for the efficient 

computation of explanation methods are being 

developed. One type of approach is when more 

accurate explanations are replaced by approximations 

or surrogate models, which are sometimes less 

accurate but give results much faster. Another avenue 

is extending the work on more interpretable 

explanation techniques that can produce helpful 

information with a relatively low computational 

burden for real-time interpretability and performance. 

 

VI. FUTURE DIRECTIONS 

 

Explainable Machine Learning (XML) is an emerging 

branch of AI in which more and more effort is being 

put into building accountable systems. Because 

machine learning applications are becoming part of 

healthcare, finance, law enforcement, and other 

critical areas, models are urgently needed to explain 

the processes at every stage. Scholars and 

professionals are investigating multiple promising 

trends seeking to overcome current issues and expand 

the concept of explainable AI. These are methods for 

enhancing causal interpretations, designs of active 

interfaces, formulation of tools for ethical principles, 

and setting policy guidelines. 

 

6.1 Causal Explainability 

The most exciting development in XML has moved 

from associational intelligence to causal explanations. 

Most of the machine learning models developed in the 

past utilized measures of correlation as predictors to 

arrive at their predictions, and this led to most of the 

models being riddled with lots of noise, making their 

results useless. For example, one can anticipate more 

loan defaults in a specific area, not understanding that 

socioeconomic factors and not location cause such an 

outcome. Causal explainability aims to identify these 

latent relationships that inform the association 

between variables and results. 

 

 
Fig.6 A Graph Showing The Predictive Accuracy Of 

An Explainable Healthcare Model Versus A Black-

Box Model (E.G., Comparison Of Disease 

Diagnosis Rates). 

 

Modern developments in causal inference, including 

structural equation and counterfactual analyses, enable 

prior causes to be incorporated into the machine 

learning processes. These methods will assist in 

explaining model predictions by making them less 

black box and provide more accurate and usable 

explanations. For example, in a healthcare setting, a 

causal model might show that a particular treatment 

works under conditions that help a healthcare 

professional introduce further adjustments. 

 

Causality, therefore, needs to be incorporated into the 

XAI process because addressing bias and fairness is 

another challenge of the AI systems. Researchers can 

deploy action strategies to uncouple them if they 

establish causal mechanisms that produce the 

following treatment results. However, the 

enhancement of the causal explainability is not 

without some problems. It is data-intensive, highly 

technical, and must be informed by deep domain 

knowledge and concurrency appraisal methods that 

can parse the linkage. Ideally, as the field develops, 

data science professionals will need continuity; other 

professionals from the specific domain and ethicists 

will help take this field further. 
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6.2 Interactive Tools 

Another prominent development in XML is the 

emerging capability of an application to present 

interactive interfaces through which stakeholders can 

investigate model behaviour in real-time. Static and 

fixed types of analyses, like feature importance scores 

or precalculated visualizations, do not reveal the 

flexibility of detailed patterns in complex machine 

learning models. In contrast, the level of user 

engagement in using interactive tools allows the user 

to develop ‘as if’ questions, alter inputs, and see 

predictions modified in like manner. 

 

Similar systems are beginning to enter use cases where 

interpretability is valued significantly in various 

industries. For instance, while dealing with credit 

scoring applications, it might be compelling for a 

financial analyst to apply multiple modelling 

approaches in developing an interface to test the 

ability of a certain customer to repay an offered loan, 

given an altered level of income or credit history. In 

the same way, interactive models built in healthcare 

mean that clinicians can consider the effects of various 

treatments on patients to improve clinical decision-

making. 

 

The primary benefit of interactive tools is making AI 

accessible to the wider population. These tools enable 

non-technical stakeholders like business users to 

engage with technical model developers and 

inadvertently improve trust within the organization. 

However, creating these sorts of tools involves 

planning how to support user experience, scale it, and 

make it interpretable. The basic computations cannot 

take much time to give responses while making the 

explanations accurate and reliable. 

 

However, as these interactive tools grow more 

sophisticated, natural language processing and 

conversational AI could further improve their 

effectiveness. Just think about a system where 

particular questions such as, ‘Why did the model 

arrive at this prediction?’ or “What has to happen to 

get a different result?” and begin to obtain 

understandable and accurate human-readable and 

substantive explanations in return. Such would ensure 

that explainable AI is even more effective and 

applicable across various fields. 

 

6.3 Ethical Frameworks 

In recent years, the ethical issues of machine learning 

have emerged as the primary concern in discussions 

about XML. The problem arises when these AI 

systems become relevant within high-risk decisions, 

and thus, transforming the current model development 

approach by incorporating fairness, accountability, 

and transparency is no longer recommended but 

required. Ethical reference models are an effective tool 

for constructing a clear plan for preventing potential 

negative consequences of applying AI. 

 

There is a rather difficult question of conceptualising 

and operationalising fairness. Equity is complex and 

context- and stakeholder-specific. For instance, in 

hiring, the fairness we are trying to achieve is an equal 

percentage of male and female applicants and equal 

employment opportunities for people of different 

ethnic backgrounds. Predictive policing could mean 

preventing complacency over-policing by a particular 

community. Identifying metrics to reflect these 

multiple definitions of fairness is thus a problem under 

research. 

 

Accountability is another key feature of ethical 

standards used in organizations. AI systems are 

opaque structures that give impetus to the difficulty of 

attributing accountability when mistakes occur. First, 

explainable AI is an appropriate solution to make the 

field of AI accountable, as handling model decisions 

with traceable explanations is critical. This can help 

create policies requiring actions to be responsible for 

their AI systems. 

 

Fairness is its near neighbour, as is accountability. I 

found that when models are clear, people know how 

decisions are made, which is important for trust. 

Although transparency is highly efficient, there are 

concerns about privacy or security that can prohibit it. 

For instance, spilling out too much detail about a 

specific model could serve to have that model bombed 

or contravene some established copyrights. Ethical 

frameworks must balance these trade-offs while 

informing a decision by weighing pros, such as 

transparency, against cons, such as loss of safety or the 

lack of novelty. 

 

Ethical frameworks are, by necessity, cross-

disciplinary and involve ethicists, sociologists, 
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lawyers, and technologists. We are already seeing new 

forms of collaboration, such as the Partnership on AI 

and the AI Ethics Lab, that are supporting the 

development of more comprehensive and stronger 

standards for the ethical development of AI. 

 

6.4 Regulation and Standards 

The final paramount direction for promoting 

explainable AI is to set worldwide norms and 

standards in AI. Although advancement in technical 

means is important, responding to legal and policy 

frameworks that support the responsible use of 

artificial intelligence is equally significant. It also 

offers the advantage of supervisory regulation, which 

means that organizations can find legal structures to 

guide and prevent them from using arbitrary or skewed 

models. 

 

Some governments and international organizations 

have already started acting towards the development 

of AI regulation. For example, the European Union’s 

General Data Protection Regulation (GDPR) has 

provisions for “meaningful information” about the 

processing, in detail, of decision-making through 

automated means. Similarly, as a part of the proposed 

EU AI Act, the intention is to categorize AI systems 

according to the risk levels and indicate the related 

transparency obligations. In the United States, laws 

such as the Algorithmic Accountability Act aim to 

make it necessary to carry out an impact assessment 

on automated solutions. 

 

Still, developing proper rules and regulations for 

explaining AI is not easy. The main issue is the tension 

between encouraging innovation within the 

organization and maintaining supervision. Very rigid 

rules may hinder innovation and delay the progress of 

devices’ creation, whereas decentralisation may result 

in undesirable and malicious actions. Also, the 

development of decentralized AI makes regulation 

difficult because the world has different legal systems 

and cultures. 

 

Standardization is as crucial for the further 

development of explainable AI. Standardization 

within the technical writing industry can also 

guarantee standard ways of explaining ideas, assessing 

the explanations, and presenting them. For example, 

doing the same for interpretability might help better 

compare models and developments in this direction 

and spread best practices. Today, many organizations, 

such as the International Organization for 

Standardization (ISO) and the Institute of Electrical 

and Electronics Engineers (IEEE), are slow in 

establishing ethical and explainable AI standards. 

 

It is here that interaction with those making the policy, 

the university researchers who will contribute to the 

policy, and those in the industry who will need to 

implement these policies and standards will occur to 

write effective and sustainable policies and standards. 

They are set to become critical as the field of 

explainable AI grows more established and more 

aligned with the needs and values of society. 

 

CONCLUSION 

 

This fusion of Explainability in high-stakes machine 

learning applications is not just an engineering 

problem but a social necessity. With machine learning 

and artificial intelligence systems now deciding 

important aspects of human life such as health, money, 

justice, cars, etc., their existence can no longer be 

debated. These are not algorithmic choices. They are 

human lives requiring clear, accurate, unambiguous 

and trustworthy decisions. This context makes it 

challenging, yet it becomes the responsibility of 

developers, regulators and stakeholders to ensure that 

these systems run with the highest sense of integrity 

and conformity to ethical standards. 

 

Transparency is, therefore, central to deciding on the 

fundamental challenge of machine learning: the 

interaction between the model's complexity model and 

the ease by which it can be interpreted. Highly 

complicated models like deep neural networks provide 

almost incredibly accurate predictions. Still, the 

intrinsic procedures of the models are notorious for 

being utterly uninformed decision-making black 

boxes. This opacity brings the following difficulties, 

especially in particular crucial situations when both 

inputs and outputs of decision-making should be clear 

to people. For example, an AI in diagnostics should 

provide trustworthy recommendations that a doctor 

can rely on in specific cases when using this AI and 

can ask it questions about the rules of diagnostics 

safely. Likewise, in the justice system, risk 

assessments made with the help of AI must be justified 



© DEC 2022 | IRE Journals | Volume 6 Issue 6 | ISSN: 2456-8880 

IRE 1707003          ICONIC RESEARCH AND ENGINEERING JOURNALS 371 

so exclusion does not become built into the justice 

system. 

 

The path to the incorporation of Explainability in ML 

is not as simple and consists of striking a thin line 

between the two main aspects – interpretability and 

accuracy. As the case may be, models' simplification 

to meet the interpretability goal may come with a cost: 

loss of accuracy that can be detrimental to applications 

that depend on such models. On the other hand, if only 

an intricate, highly accurate model is aimed to be 

generated without much emphasis on its 

interpretability, then the users are kept away, and 

mistrust is developed. This prevalence further supports 

the need for creative approaches to incorporate the 

best from both contexts. This is in line only up to an 

extent because techniques like interpretable surrogate 

models, feature importance, and counterfactual 

explanations mark efforts towards the same view 

where developers can get insight into how a model 

works without compromising the same for efficacy. 

 

Of course, explanation is not only and not mainly 

technical; it is and remains connected with ethical and 

legal implications. Ethical AI requires that the systems 

exhibit integrity, where fairness, accountability, and 

non-maleficence are critical basics of ethical AI. 

Explainability supports these principles princ. 

Titleholders pinpoint sources of bias, provide equal 

treatment to all users, and define accountability for 

their actions. There is also a somewhat legal insistence 

on the information about AI systems being open to 

interpretation, which is seen in the European Union's 

GDPR, which guarantees the right to explanation. 

Such mandates require the execution of explainable AI 

practices, thus providing a reminder that 

interpretability should be incorporated into the system 

right from the planning phase. 

 

People believe in AI systems depending on the level 

of fairness the system will attain and the level of 

transparency. Lack of information by stakeholders, the 

end-users, the regulator or the public on how decisions 

are made often leads to suspicion and rejection. On the 

other hand, explainable systems might bring 

confidence since they undo the mystery of how such 

computed decisions exist and show that they are 

reasonable and sound. This trust is even more special 

where the speciality is dear, as mistakes cost 

significantly more concerning health, liberty, or 

money than in more mundane areas of life. 

Explainability for creating trust entails not only AI 

accountability but also the path to AI adoption. 

 

However, the possibility of achieving effective 

Explain ability without drawbacks. Besides, given that 

decision-making in a high-stakes context involves 

multiple stakeholders, their different technical 

backgrounds and contextual requirements would 

require different explanations. For example, an 

acceptable answer to a data scientist would not be the 

same as that given to a patient, judge or business 

leader. Achieving such a balance is not a simple task. 

It offers a complex view of the audience and the need 

for the gradual creation of an array of explanation 

models that will not offend one side of the auditory 

while neglecting the other and being as truthful to a 

subject as possible. 

 

However, the essence of explain ability be expanded 

and include or even prioritise the social and cultural 

aspects. AI systems are not autonomous; they are 

informed by and, in turn, inform the social contexts 

where they are applied. The cultural factors relating to 

norms, values, and expectations determine how and to 

what extent explanations are accepted. For instance, 

what may be a perceivably adequate explanation in a 

given cultural or legal context may not be enough in 

an altro context. Solving these variations requires 

interdisciplinary cooperation in teams that unite 

technical professionals with sociologists, 

psychologists, legal advisors, and ethicists. 

 

It also allows us to avoid passivity in educational and 

communicative processes, which is characteristic of 

many existing AI systems. The subjects must be 

prepared for AI interpretation, which requires them to 

critically analyze the type of explanation the AI gives. 

It is encompassed not only by the will to bring 

awareness among end-users as to the capabilities and 

potential drawbacks of employing AI systems but also 

by the desire to enhance the transparency of the 

organizations which create and implement such 

technologies. If communication is possible on the 

issue and continuous feedback is obtained, particular 

systems will work towards the satisfaction and 

requirements of different groups of people. 
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