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Abstract

This chapter proposes a framework for explainable artificial intelligence (XAl) in enter-
prises. XAl has long been touted as a way to mitigate several issues in enterprise Al
systems: (dis)trust, over- and under-reliance, opaqueness, lack of understanding, lack of
compliance, bias and discrimination, and poor human decision-making. We argue that,
despite having made progress in some of these areas, such as improving understanding and
compliance, progress in others has been stunted due to incorrect assumptions about how
Al tools are used and understood. We map out a framework for explainable Al that consid-
ers some recent positions on the use of explainable Al, with a focus on decision making in
enterprises.
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1 Introduction

The 2023 artificial intelligence (AI) Index Report by Stanford University! reveals that, in
2022, global private investment in Al totaled $91.9 billion. The top 11 sectors that received the
highest Al private investments were: medical and healthcare ($6.1 billion); data management,
processing, and cloud ($5.9 billion); fintech ($5.5 billion); cybersecurity, data protection ($5.4
billion); retail ($4.2 billion); industrial automation, network ($3.9 billion); sales enablement
($3.2 billion); marketing, digital ads ($3.1 billion); AR/VR ($2.4 billion); drones ($1.9 billion);
insurtech ($1.7 billion).

This resulted in the integration of Al into several applications across all industry sectors.
These Al systems either operate in complete autonomy or by interfacing with human operation
through advanced interfaces (Xu et al. 2021).

A significant challenge with advanced Al systems is their “black-box” nature, which makes
it hard to understand how they make decisions (Bernal and Mazo 2022). This challenge is
critical in almost all fields where Al systems must be accurate, transparent, and accountable to
enhance trust in their users and enforce compliance with the law (Sovrano et al. 2021). This is
where explainable artificial intelligence (XAI) plays a crucial role, offering tools to make the
inner workings of these complex systems more understandable and trustworthy to the diverse
stakeholders involved in their operation (Sovrano and Vitali 2024).

The field of XAl provides various methods to interpret machine learning models, differing
in strategies, formats, and applicability (Islam et al. 2022). Methods are generally divided into
ante-hoc models, which are ‘inherently interpretable’ like decision trees, and post-hoc methods
that explain black-box models after training. Post-hoc techniques include feature attribution
methods assigning importance scores to input features (e.g., LIME (Ribeiro et al. 2016a),
SHAP (Lundberg and Lee 2017)); rule-based approaches generating human-understandable
rules (e.g., Anchors (Ribeiro et al. 2018)); counterfactual explanations identifying minimal
input changes that alter predictions (Guidotti 2024); similarity-based methods comparing
inputs to similar instances (Poché et al. 2023); surrogate models approximating complex
models with interpretable ones (Bastani et al. 2017); and concept-based methods interpreting
the model’s internal state using human-friendly concepts (Kim et al. 2018). Explanations also
vary in scope—global (entire model) vs. local (individual predictions)—and format, which
can be numerical, textual, or visual.

The main goals of XAI are to show (Fok and Weld 2024):

* How an Al system works from its inputs, to avoid misuse.
* Whether to trust the Al outputs (i.e., whether they are good), to avoid inappropriate
reliance.

However, evidence indicates that XAI overall does not always mitigate inappropriate
reliance (distrust in accurate Al outputs, or excessive trust in Al) or misuse; users often make
poorer decisions when presented with incorrect or suboptimal Al suggestions, regardless of
XAI (Buginca et al. 2021; Miller 2023; Vaccaro et al. 2024; Sivaraman et al. 2023). Effectively,
the issue with using Al recommendations for decision support is that, when a human decision
maker disagrees with the Al recommendation, they struggle to answer: “should I trust the Al
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or myself?”. Empirical evidence suggests that explainability and interpretability, depending
on how they are used, may offer limited information to answer this question (Miller 2023;
Vaccaro et al. 2024; Siu et al. 2024; Poursabzi-Sangdeh et al. 2021).

Given the variety of XAI methods and the problems stemming from their misuse, which
XAI technologies should be used in an enterprise, and when? This chapter addresses this
question by providing an in-depth analysis of the potential and actual use of XAl in enterprises.

Taxonomies aid in selecting appropriate methods for different use cases; for instance, Liao
et al. (2020) categorize them based on addressed questions, while Vilone and Longo (2021)
classify them by stage, scope, and format.

However, current theories do not clearly explain what XAl algorithm to use and when. An
early effort to address this gap is presented by Miller (2023), who introduced the evaluative AI
conceptual framework for explainable decision support. This framework posits that decision
aids (i.e., XAl outputs) can reduce inappropriate reliance on Al systems only if they assist users
in verifying and evaluating their own hypotheses about the Al, rather than simply explaining
how the system arrived at its decisions.

Another theoretical perspective is offered by Chen et al. (2023), who argue that machine-
generated explanations are only effective when they align with human intuitions. Thus, to
determine which XAI algorithm to use in a given context, it is necessary first to identify the
wide range of potential human intuitions and hypotheses that might influence decision-making.

To address this challenge, Sovrano and Vilone (2024) proposed framing explanations as
answers to questions, where the questions themselves are tied to specific explanatory goals.
In their case, these goals were defined by legal requirements, drawing on several European
regulations to narrow the scope of possible human intuitions and hypotheses. This approach
provided clearer guidance on selecting the appropriate XAl algorithm for specific use cases.
While this methodology may seem restrictive, legal frameworks are designed to foster trust
and encourage appropriate use of Al by tailoring explainability to user needs. Therefore,
aligning XAI goals with legal requirements can, in many cases, coincide with the needs of
Al system users. Nonetheless, the methodology proposed by Sovrano and Vilone (2024) is
not sufficiently generic to address all possible correct applications of XAI This limitation
underscores the ongoing need for more comprehensive frameworks to guide the design and
application of explainable Al systems.

Instead, in this chapter, we present and discuss a novel theoretical framework, Marko-
vian Action-Observation Generalized Introspection for eXplainability (MAGIX), which aims
to guide the selection and fitness evaluation of XAI technologies in real-world applica-
tions. MAGIX unifies the frameworks proposed by Miller (2023) and Chen et al. (2023) by
integrating the XAl-driven hypothesis verification process as a core component of a machine-
in-the-loop Markov Decision Process (MDP), a model for sequential decision-making under
uncertainty.

Within this machine-in-the-loop MDP, MAGIX further organizes human intuitions into
three key types of knowledge. This categorization facilitates a mapping function that connects
human objectives and hypotheses to relevant human intuitions. Throughout this chapter, we
will show how this mapping can help choose the most suitable XAl algorithm for a wide range
of realistic enterprise settings (spanning from fintech to healthcare), while also analyzing
empirical results from existing literature.



2 Challenges of Current XAI Approaches: The Inappropriate
Reliance Issue

Many XAI systems assume users will analytically evaluate explanations to judge Al sugges-
tions. However, this assumption is flawed, as such evaluations require effort, which people
often avoid (David et al. 2024). For instance, consider a medical diagnosis system where an
Al suggests a diagnosis along with a visual explanation (e.g., heatmaps on medical images).
Rather than scrutinizing whether the highlighted regions truly justify the diagnosis, a physi-
cian might assume that the explanation indicates the system’s overall competence. This “trust
by default” leads to inappropriate reliance, especially in high-stakes scenarios.

To address this, Bucinca et al. (2021) developed cognitive forcing interventions that require
users to engage more deeply with Al explanations. For example, in a financial advisory
tool, users might be prompted to explain in their own words why a particular investment
recommendation was made. This intervention forces a moment of reflection and helps prevent
blind trust. However, such measures have been found to benefit individuals with a high need
for cognition (NFC) more than those with low NFC (Cacioppo and Petty 1982). In practice, a
risk analyst with high NFC might relish the opportunity to break down the rationale behind
an AI’s market prediction, whereas an analyst with low NFC may simply bypass or provide
minimal engagement with the prompt.

While cognitive forcing interventions aim to reduce inappropriate reliance on Al systems,
studies by Vasconcelos et al. (2023) and Fok and Weld (2024) demonstrate that Al explanations
can also mitigate this issue during decision-making. Research by Vasconcelos et al. (2023)
provides further insight: individuals tend to strategically choose when to engage with Al
explanations based on a cost-benefit analysis. For example, in an autonomous driving support
system, if the cost (in terms of time and cognitive effort) of verifying why the Al recommended
a certain maneuver is low compared to the risk of an accident, a driver may carefully review
the explanation. Conversely, if verifying the explanation requires too much effort during a
high-pressure situation, the driver may rely on the AI's recommendation without critical
examination. This dynamic shows that the design of explainability systems must account for
the varying costs users are willing to incur to verify an explanation.

In contrast, Fok and Weld (2024) demonstrate that Al explanations can also assist in
decision-making by enabling users to verify Al recommendations. Consider a legal document
analysis tool where an Al flags potential contractual risks and provides supporting evidence. In
this scenario, the explanation serves as a means for legal professionals to efficiently verify the
Al’s suggestion rather than accepting it at face value. This verification process is analogous to
checking a solution in NP-complete problems: while finding a solution can be computationally
intensive, verifying a given solution is relatively efficient. Thus, when Al systems present
information that facilitates quick verification, they help users avoid the pitfall of inappropriate
reliance, ultimately improving decision-making outcomes (Bansal et al. 2021).

This issue of inappropriate reliance can also be understood through dual-process theory
(Evans and Stanovich 2013). Humans primarily rely on System 1 thinking, using heuristics and
shortcuts for quick decisions. For instance, in a consumer product recommendation system,
users might quickly accept Al suggestions based on the aesthetic appeal of the explanation
(e.g., attractive charts or simple language) without delving into the underlying data. Although



System 1 is efficient and often effective, its heuristic shortcuts can lead to cognitive biases—
resulting in suboptimal outcomes in complex scenarios. Conversely, System 2 thinking is
more deliberate and analytical, as might be required in high-stakes contexts like financial
risk assessment or critical medical decisions. Yet, due to the significant cognitive effort
required, System 2 is engaged less frequently. Even experts, who generally rely on System
1 heuristics built from experience, can be misled when the Al explanation is superficially
compelling but substantively shallow. This underscores the challenge: designing interfaces
that can encourage a balanced engagement of both systems, especially under varying levels of
cognitive motivation.

3 The MAGIX Theoretical Framework

Why are XAI algorithms that answer “why is this decision (in)correct?” (thus supporting
decision verification) sometimes more effective at reducing inappropriate reliance than those
that explain “how does the input impact the output?”’—e.g., SHAP (Lundberg and Lee 2017)—
and vice versa? This remains an open question that goes beyond the scope of both evaluative
AI (Miller 2023) and the theory of human intuitions proposed by Chen et al. (2023).

The lack of clarity in this area highlights a significant gap in our understanding of how
to select XAl algorithms that ensure explanations are sufficiently effective. Addressing this
issue is particularly challenging given the combinatorial explosion of human intuitions and
hypotheses that XAl systems must meet. Indeed, the quality of an XAI output depends on the
user’s intended purpose and understanding of the probed Al system.

To address this problem, we introduce a generic theoretical framework inspired by Miller
(2023) and Chen et al. (2023). By framing a machine-in-the-loop decision-making process as
a special kind of MDP that embeds Al outputs and explanations, we simplify the challenge
of defining system and user goals. This model abstracts the possible kinds of intuitions and
hypotheses in such a way that significantly reduces the number of their combinations in terms
of explanatory needs.

The MAGIX theoretical framework is based on two main steps:

1. The modeling of the use of XAl as part of a machine-in-the-loop MDP.
2. The definition of an action-observation matrix and the corresponding space for informing
XAI selection.

3.1 Markov Decision Processes

First, we will provide the essential background information needed to understand what Markov
Decision Processs are, as these form the basis of the MAGIX framework.

A MDP is a mathematical framework designed to model sequential decision-making sce-
narios where a human or an agent must choose actions based on the current situation and its
expected outcomes. Further, the outcomes of actions can be uncertain, modeled probabilisti-
cally. An agent does not know which of the possible outcomes will occur until after the action
is executed. Some actions give rewards, which can be positive or negative. MDPs can model
a standard machine-in-the-loop decision-making scenario.

A MDP captures the interaction between the decision-maker and the environment through
a sequence of states, actions, rewards, and transitions, allowing for the modeling of complex
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Fig. 1 An overview of a Markov Decision Process. The world emits observations and feedback to an agent, who
distills this into knowledge. Using this knowledge, the agent estimates the values of states and actions, and from this,
selects an action to execute, which in turn, changes the world.

systems. In our model, the agent is the human decision-maker. As shown in Figure 1, the human
decision-maker observes the current state, selects an action, and transitions to a new state
based on probabilistic dynamics of the system. With every transition, they receive feedback
in the form of a reward, which informs their decision-making strategy. The MDP assumes
the Markov property, which posits that the future is conditionally independent of the past,
given the current state and action. This simplifies the analysis and implementation, making
the model a robust choice for real-world problems where decisions unfold over time.

In the context of an MDP, policy functions and value functions are central to decision-
making and evaluation.

A policy function defines the decision-making strategy, mapping states to actions. It serves
as the “plan” the decision-maker (or agent) follows to achieve desired outcomes. In the current
state, the policy says which action to take. Once we reach the next state, we use the policy
again. A policy can be deterministic, selecting a specific action for each state, or stochastic,
assigning probabilities to actions based on the current state.

A value function, on the other hand, evaluates the long-term utility of following a policy. It
quantifies the expected cumulative reward and comes in two forms: state value functions and
action value functions. The state value function assesses the expected cumulative reward when
starting in a given state and following a specific policy thereafter. It reflects how “desirable” it
is to be in a particular state based on future rewards. The action value function (often referred to
as the Q-function) extends this concept by evaluating the expected cumulative reward of taking
a specific action in a given state and then following the policy. This distinction between state
and action value functions provides a granular framework for understanding the implications
of both being in certain states and making particular choices.

Together, policy and value functions connect directly to the core of an MDP. The policy
leverages the insights from value functions to guide decision-making, while the value functions



evaluate the performance of a given policy. This interplay enables the optimization of decision-
making strategies, ensuring that the agent makes choices that maximize long-term rewards,
even in uncertain environments.

3.2 A Machine-in-the-Loop MDP for XAI
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E— N World

3. reward
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Fig. 2 A MDP enhanced with Al, which assists the actor by improving observation capabilities to achieve better
actions, and by recommending “optimal” actions to achieve better rewards.

One compelling example of XAI aiding human decision-making is IBM Research’s
AIX360 demonstration of an Al-based credit approval system (Research 2020). This system
illustrates how different XAl techniques can address the needs of various stakeholders (data
scientists, loan officers, and bank consumers) each playing a distinct role in the credit approval
process.

In the system, a bank customer submits a loan application, and the bank’s Al predicts
the risk level associated with the loan, using available customer data. A bank officer reviews
this Al-generated risk assessment and makes the final decision on the application. Before
deployment, data scientists must validate the Al model’s functionality. Meanwhile, customers,
as mandated by EU or US laws, are entitled to an explanation of the decision made on their loan
application. Each stakeholder benefits from tailored XAl techniques, ensuring transparency,
accountability, and actionable insights.

For data scientists, the Generalized Linear Rule Model (GLRM) algorithm (Wei et al.
2019) would be a suitable model. This rule extraction technique helps answer critical questions
such as: What is the overall decision-making logic of the model? Is this logic reasonable
enough to justify deploying the model? By providing a comprehensive understanding of the
Al’s internal logic, GLRM fosters confidence in its deployment.

For loan officers, the ProtoDash method (Gurumoorthy et al. 2017) provides example-
based explanations that support the interpretation of Al-driven recommendations. It helps
answer key questions such as: “Why is this applicant’s credit being approved or denied?” and
“How can similar past cases inform my decision to grant or reject credit?” By comparing
individual predictions with similar historical cases, ProtoDash provides clear, example-based
insights that enable loan officers to make more informed and confident decisions.

For bank customers, the Contrastive Explanation Method (CEM) (Dhurandhar et al. 2018)
could be used. CEM explains decisions by addressing questions such as: “What changes can



I make to increase the likelihood of approval in future?” This method identifies actionable
features a customer can improve, such as reducing the time since the last credit inquiry or
increasing the average age of accounts. Furthermore, it highlights potential improvements and
their potential impact on the approval outcome.

Together, these XAl techniques create a comprehensive, stakeholder-centric framework.
They ensure that data scientists can refine and validate Al systems, loan officers can interpret
recommendations effectively, and customers can receive transparent and actionable feedback
on their applications. Each of these XAI solutions takes under consideration their user’s
intuitions and hypotheses, fitting well both the frameworks of Miller (2023) and Chen et al.
(2023).

What unifies these diverse uses of XAI? Why are different techniques used, and what
criteria guide their selection?

In all cases, stakeholders engage with the “world” to make sense of it. For data scientists,
the “world” is the dataset used to train the Al model, and the AI’s code-base and logic. For loan
officers, it includes customer characteristics and Al-generated assessments. For customers, it
encompasses the Al’s decision and its underlying rationale. Stakeholders observe the “world”,
interact with it to achieve specific goals, and receive feedback (implicitly or explicitly) about
the outcomes of their actions. This cyclical process of observation, action, and feedback
aligns with the framework of a MDP, where the actor aims to maximize cumulative rewards
associated with achieving a specific goal.

In this MDP, the actor is augmented by XAlI, which aids in properly observing the “world”
and helps to explore the actions that can help the actor to achieve their goals. The role of
the Al system within the MDP depends on the actor. For some, the Al system may act as a
guide, providing personalized recommendations. For others, it may act as part of the “world”,
influencing the distribution of rewards and shaping how goals are attained. This interplay is
encapsulated in the concept of a machine-in-the-loop MDP, as illustrated in Figure 2.

In this model, Al benefits the actor only if it contributes to one or more of the following
objectives: (i) improving the observation of the world—step 1 of the MDP, see Figure 2;
(ii) enhancing decision-making prior to action execution—step 2; (iii) optimizing outcomes
post-action execution—step 3. Each of these objectives corresponds to one of three high-level
hypotheses that the actor may aim to verify:

* H1: The AI output enhances world observation.
* H2: The Al output aids in better decision-making, before acting.
* H3: The Al system can be used to achieve the desired objective.

Consequently, the machine-in-the-loop MDP framework organizes the potential uses of
XAI into three cases, one per hypothesis, to provide insights about: (i) the actionability of
specific knowledge about the world; (ii) the validity of specific actions before they are taken;
(iii) the use of the Al system to achieve a good outcome with the action.

Therefore, as summarized in Table 1, in H1 and H2 the AI system functions as a rec-
ommender system, providing suggestions accompanied by explanations that validate the
recommendations. In these scenarios, XAl plays a key role in guiding the actor on how to
observe and act within the “world”. These cases focus on fostering appropriate reliance on the
Al system.



Table 1 Summary of Al Use, Hypotheses, and Goals of XAI. The table outlines how Al can be used to meet
key objectives, the hypotheses to be tested, and the corresponding goals of XAl in each scenario.

Use of Al

User Hypotheses

Goals of XAI

Al functions as a recom-
mender system to enhance
world observation (Step 1
of the MDP).

H1: The AI output
enhances world observa-
tion.

Provide insights about the actionabil-
ity of specific knowledge about the
world.

Foster appropriate reliance on the A
system.

Al functions as a rec-
ommender system to aid
in better decision-making
prior to action execution
(Step 2 of the MDP).

H2: The AI output aids
in better decision-making
before acting.

Provide insights about the validity of
specific actions before they are taken.
Foster appropriate reliance on the Al
system.

Al  operates as an
autonomous system, mak-
ing decisions that directly

H3: The Al system can be
used to achieve the desired
objective.

Provide insights about the use of the

Al system for a good outcome.

impact the user (Step 3 of .
P (Step Ensure appropriate use of the system.

the MDP).

In contrast, in H3, the AI operates as an autonomous system, making decisions that
directly impact the user. The explanations in this context address the rationale behind the AI’s
decisions, as the system executes actions without the actor’s ability to directly intervene. This
scenario emphasizes the importance of XAl in ensuring the appropriate use of the system.

To illustrate these applications, consider the example of the credit approval system above.
Each stakeholder uses XAI at different stages of their respective MDP. Data scientists use
XAl to observe the “world” and gain actionable insights for debugging and evaluation (case 1;
H1). Loan officers rely on XAl to determine the best course of action for handling applications
(case 2; H2). Customers leverage XAl to understand the system’s decisions (i.e., the reward)
and adapt their actions to improve outcomes (case 3; H3). Through this lens, XAl serves as a
critical tool for aligning stakeholders’ goals with the broader system’s functionality, ensuring
more profitable interactions.

Now, we can see an initial answer to the question posed at the beginning of this section:
Why does verification support better decision-making than understanding the AI model? In
cases 1 and 2, verification helps the decision maker understand their world. In the latter case,
instead, standard explainability techniques help the decision maker to understand the Al model
itself, which is though only a loose proxy of the world.

Here, we ask the reader to imagine a situation where they need to make an important
decision at work, and they received a recommendation from an Al model that they disagree
with. What is more useful: (a) areason why the model arrived at that decision (here the ‘world’
that the XAl deals with is the model); (b) a reason why the model recommendation is correct
(which may be different to why it made the decision; here the ‘world’ is the underlying problem
space); or (c¢) a reason why the decision-maker’s decision is incorrect (here the ‘world’ is the
underlying problem space as well)? We consider option (a) to be ‘standard’ explainable Al,
option (b) to be the idea of verification such as that defined by Fok and Weld (2024) and
Vasconcelos et al. (2023), and option (c) to be the idea of evaluative AT (Miller 2023).



3.3 The Action-Observation Matrix

The machine-in-the-loop MDP model aids in narrowing down the possible hypotheses a
user might consider. XAl tools are specifically designed to assist users in verifying these
hypotheses within the context of a standard sequential decision-making framework. However,
what ensures the verification of the goodness of both knowledge and actions? The answer to
this question hinges on the user’s intuitions regarding the MDP (Chen et al. 2023).

To address this, it is essential to first determine the kind of MDPs in which employing XAI
for explaining Al is meaningful. Such scenarios arise when the user’s missing knowledge is
not explicitly available beforehand (i.e., in the source code of the AI) and must be extracted
from a black-box Al model. Specifically, these scenarios arise when there is no guarantee that
the Al is error-free due to its reliance on heuristics. This challenge is particularly prominent in:

* NP-hard problems: Problems for which no efficient solution exists, making it
computationally infeasible to verify the correctness of outcomes in all instances.

* Ill-defined problems: Problems where the objectives, constraints, or solution criteria
are ambiguous or poorly specified, often necessitating the use of machine learning
techniques.

In scenarios outside of these contexts, it is often feasible to build recommender systems
that are correct all the time (at least, within their model of the world), rendering the use of
XAI for explaining correctness unnecessary, €.g., a symbolic tool that uses probabilities and
statistics to calculate risks. Despite this, people may still use less specific, not-always-correct
Al solutions to build their applications due to ease, hype, or unawareness of better techniques.

What XAI can effectively explain, instead, are the heuristics underpinning the evaluation
of actions and states, as well as the strategies used to extract actionable knowledge from state
observations. By explaining these aspects, XAl bridges gaps in users’ intuitions, enabling
a deeper understanding of the decision-making process finalized to maximizing cumulative
rewards.

As discussed in Section 3.2, XAI can be employed to verify three distinct types of
hypotheses. Each hypothesis may rely on intuitions regarding the following aspects:

* I1: Knowledge Actionability—How is actionable knowledge derived? This involves
understanding the heuristics that underlie the policy function (see Section 3.1).

* 12: Action Value—How is the quality of an action evaluated? This relates to the heuristics
of the action value function (see Section 3.1).

* 13: State Value—How is the quality of a state determined? This pertains to the heuristics
of the state value function (see Section 3.1).

To verify hypotheses H1 and H3, users may rely on (or lack) intuitions about I1 and I3,
as these relate to understanding knowledge actionability and evaluating the value of a state.
Conversely, verifying hypothesis H2 may depend on the user’s intuitions (or lack thereof)
regarding I1 and I2, as these pertain to evaluating a specific action.

Among these, I1 is central to all hypotheses because every Al system, by definition,
operates on the basis of inputs and outputs, and XAl aims to clarify the relationships between
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them. From an XAl standpoint, the heuristics underlying I1 can either be known or unknown,
and the implications vary accordingly:

* If the heuristics of I1 are known: The XAI tool needs to explain only the execution
trace of the heuristics, i.e., what triggered them in the input. This trigger is always
initially unknown. It will be enough for the user to verify the correctness of the
recommendation/decision.

* If the heuristics of I1 are unknown: The XAI tool must also explain the heuristics them-
selves. This involves determining their relevance to the reward function. For example, to
verify usability of an Al system (H3) the user must know why the state being evaluated
is (not) good, which could be explained by showing how to get the desired output from
the input.

How the heuristics and their traces are explained depends on the knowledge of the heuristics
underlying 12 and I3.

When the rules governing state/action evaluation (heuristics of 12 and I3) are unknown to
the user, explaining the heuristics and their trace as explicit rules would be useful. Conversely,
if these rules are known, the explanations can just rely on similarity-based reasoning, such as
comparing with successful solutions from training data, employing case-based explanations.
In these case the user will know how to evaluate the state/action.

This framework reduces the broad range of possible intuitions into two well-defined
dimensions per hypothesis, forming the axes of our action-observation matrix, as illustrated
in Figure 3. Each quadrant in that matrix corresponds to a specific knowledge acquisition
task. When only knowledge actionability is known, the task is one of identification or lookup
(Quadrant I). When both knowledge actionability and action/state evaluation are known, the
task becomes one of comparison or browsing (Quadrant II). Conversely, when neither is
known, the task shifts to clarification or location (Quadrant III). Finally, in cases where only
state/action evaluation is known, the task involves contextualization or exploration (Quadrant
V).

For the knowledge acquisition tasks of “Identify” and “Compare”, the minimal XAl setting
should provide explanations about how the AI’s output was generated. Such explanations can
be obtained using feature-importance-based XAI algorithms like SHAP (Lundberg and Lee
2017) or LIME (Ribeiro et al. 2016a). For instance, consider an Al system designed to detect
cars in an image. Here, SHAP or LIME can explain which features (e.g., shapes, edges, or
colors) influenced the detection decision. There is no need to explain what makes a patch of
image a car (i.e., the why), the user knows this.

Similarly, when a data scientist needs to debug a credit approval system, they may already
understand how to evaluate the rules but require clarity on how input features are connected
to the output. Another example involves answering a simple question, such as “When was
Einstein born?” For a retrieval-augmented generative Al, an XAI tool like SHAP might
highlight the relevance of the terms “Einstein” and “when” in the input, which appear also in
the retrieved documents. Without retrieval-augmented generation, however, other generative
Al models may lack explainability in such cases.

For tasks involving “Clarify” and “Put in Context”, the XAI must provide not only feature
attributions but also the reasoning behind the AI’s output. This aligns with evaluative Al
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X o) - Chess move suggestion. - Finding helpful webpages
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S | - Text summarization. - Research statement How + Why

- Knowledge discovery. generation.
- Al for loan officer.

v

v

Format:
Case-based

Format:
Rule-based

Fig.3 The action-observation matrix with examples of Al scenarios for each knowledge acquisition task. In bold are
those Al scenarios related to the credit approval system used as driving example for this chapter.

(Miller 2023) and findings from Vasconcelos et al. (2023) and Fok and Weld (2024), who
emphasize that XAl is most effective when it assists users in verifying the correctness of
decisions.

For instance, in the case of a chess move suggestion, the XAI should justify why the
suggested move is strategically sound within the broader game context, such as avoiding
a checkmate or positioning for a favorable endgame. Similarly, for a cancer detection Al
identifying a carcinoma in an image, the XAl should explain why a specific image patch was
flagged. This might involve linking the highlighted region to known pathological markers or
patterns consistent with carcinoma. In the case of a loan application rejection by a bank’s
Al, counterfactual explanations are considered as a suitable way to explain model decisions
(Wachter et al. 2017). The XAI should indicate how the customer’s financial profile could
change to meet approval criteria (such as needing a higher income or a lower debt-to-income
ratio), providing actionable insights for the applicant.
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The distinction between rule-based and case-based formats underlines the flexibility
required for different scenarios. For “Identify” and “Clarify” tasks, when the rules for evaluat-
ing actions/states are unknown, the explanations are rule-based. For example, in debugging a
credit approval system or explaining a straightforward Al decision like recognizing a car in an
image, the XAl relies on established algorithms or decision boundaries to communicate how
and why the decision was made. In contrast, when the rules are known, as in “Put in Context”
or “Explore” tasks, the most minimalist format shifts to case-based explanations. Here, the
XAI derives insights from similar cases or analogous scenarios.

However, it is important to also highlight that the concepts of “knowledge actionability”
and “action evaluation” are not binary in nature. Rather than being simple states of “known” or
“unknown”, they exist on a spectrum, with varying degrees of understanding and application
across different scales (e.g., global or local). This perspective introduces significant nuances
to the concept of “unknown”, which may not be fully known in advance.

4 XAI Tools and Technologies

XAl can be viewed both as approaches aimed at helping people to understand and appropriately
use Al systems, and as tools implementing such methods to meet different explanatory needs.
In the literature, there is a vast array of domain-dependent and context-specific XAI methods
that differ in explanation generation strategies, formats, and applicability to disparate data and
learning algorithms (Islam et al. 2022). Several taxonomies guide practitioners in choosing
suitable XAI methods for specific tasks. In particular, Adadi and Berrada (2018) offer a
comprehensive survey of existing XAl approaches, identifying trends and challenges; van der
Velden et al. (2022) focus on XAI for deep learning-based medical imaging, proposing a
classification framework; and Nauta et al. (2023) detail 12 conceptual properties for evaluating
explanations in machine learning.

One common way to categorize XAl methods is by stage of application: ante-hoc vs. post-
hoc. Ante-hoc techniques build inherently interpretable models, whereas post-hoc techniques
explain a trained model using an external explainer. Another key dimension is scope: methods
can provide global (the model’s overall logic) or local (explanations of individual predictions)
insights (Vilone and Longo 2021). Both types can support local or global understanding; that
is, global XAI methods can give insight into local decisions, and a series of local explanations
can give a global understanding of an AI model. XAl techniques also vary in format: they can
be saliency maps or feature-attribution vectors; textual or visual narratives; examples-based
statements, rule-based statements; or a combination of these (Liao et al. 2020).

Both ante-hoc and post-hoc XAl methods can serve ex-ante explanations (before a decision
is taken) or ex-post explanations (after a decision). That said, ex-ante explanations typically
convey global information about the model, while ex-post methods often shed light on local,
instance-specific behavior. Our classification of XAl methods also considers model specificity
(model-agnostic vs. model-specific).

Tables 2-3 summarize popular XAI methods organized by the main “explanatory question”
they answer (Sovrano and Vilone 2024), their scope, and example references. We highlight
how some methods answer “what-if” questions, e.g., counterfactuals (He et al. 2023), while
others answer “why” or “how” queries, e.g., saliency maps (Poché et al. 2023), local feature
attribution (Ribeiro et al. 2016a), or global feature attribution (Lundberg et al. 2020).
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Table 2 Model-Specific XAI Methods with Explanatory Goals.

Question XAI Algorithms Applicable Explanation

Model

Types
What are the most Global feature attribution methods: Tree- Tree-based Identify key features for pre-
important features Explainer (Lundberg et al. 2020), CAVs models, dictions to understand sys-
influencing all (Kimetal. 2018) Deep tem’s conditions of use, risks,
predictions of the Neural and detect anomalies.
model? Networks

(DNNs)
How do interactions Global feature attribution methods Tree-based Identify key feature interac-
between features affect (Lundberg et al. 2020) models, tions for system usage, risk,
all predictions of the Bayesian and logic.
model? networks
What is the model’s ExtractRule (Fung et al. 2005) DNNSs, Transparent models mimick-
inner logic? Support ing a black-box.

T Vector

Machines

(SVMs)
What set of rules Rule-based algorithms (Dashetal.2018; Decision Clarify the rules for usage,
does the model usu- Wang etal. 2021) trees, risks, decisions, outputs, or
ally follow to make all random anomalies.
predictions? forests, lin-

ear models,

DNNs
What parts of an input Saliency maps (Feldhus etal. 2022), LRP DNN Identify important input
(e.g., an image) influ- (Bach et al. 2015) areas to review or contest
ence the model’s deci- decisions.
sion?
What contributions do Activation maximization (Li et al. 2022) DNNs Analyse neuron contribu-
individual neurons in a tions for anomaly detection
DNN make to the final and interpretation.
prediction?
How do different layers Layer-wise relevance propagation (Li DNNs Examine layer contributions
in a DNN contribute to et al. 2022; Kim et al. 2018) for anomaly detection, deci-
a prediction? sion logic.
How to interpret a neu- Concept-based methods (Kim et al. DNNs Evaluate key concepts behind

ral net’s internal state
in terms of human-
friendly concepts?

2018)

decisions, interpret outputs,
detect anomalies.

Several XAl algorithms stand out as particularly influential:

* LIME (Local Interpretable Model-Agnostic Explanations) (Ribeiro et al. 2016b) approx-
imates a black-box model’s local behavior around a single instance using a simple,
interpretable surrogate (often a sparse linear model). Its main benefit is that it is model-
agnostic and easy to implement, offering instance-level feature attributions. However,
LIME’s reliance on sampling around the input instance assumes local linearity and inde-
pendence of features, which can be violated in practice; the choice of neighborhood
size and sampling distribution can also strongly influence results, risking instability or
misleading explanations.
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Table 3 Model-Agnostic XAI Methods with Explanatory Goals.

Question

XAI Algorithms

Explanation

What is the inner logic of the
model?

How does a specific feature influ-
ence the prediction for an individ-
ual instance?

What are the most important fea-
tures influencing all predictions of
the model?

‘What are the most similar instances
to a given input with respect to a
model’s prediction?

‘What minimal changes would need
to be made to an input to change its
prediction?

‘Why this output instead of another?

What features, when held fixed, are
most responsible for a particular
prediction or classification?

How would changing multiple fea-
tures simultaneously affect the
model’s prediction for a specific
instance?

How can we understand the
model’s decision for a specific
instance in the context of its train-
ing data?

Surrogate models (Bastani et al. 2017)

LIME (Ribeiro et al. 2016a), SHAP (Lundberg
and Lee 2017)

Global feature attribution methods like SHAP
(Lundberg and Lee 2017)

Similarity-based methods (Poché et al. 2023)
Counterfactual explanations (Guidotti 2024)
Contrastive explanations (Dhurandhar et al.
2018)

Anchors (Ribeiro et al. 2018)

Counterfactual and interaction detection meth-
ods (Guidotti 2024)

Contextual analysis methods (Poché et al.
2023)

Transparent models mimick-
ing a black-box.

Assess feature impact on
individual outputs to review
or interpret decisions.
Identify key features for the
model’s predictions, detect
anomalies, assess risk.
Compare similar instances to
interpret decisions or detect
anomalies.

Identify changes to alter out-
comes, review or contest
decisions, detect anomalies.
Clarify why one outcome was
chosen, interpret or contest
decisions, detect anomalies.
Highlights stable feature
anchors enabling consistent
predictions.

Examine combined feature
effects to review or adjust
decisions, detect anomalies.

Provide broader context
for local decisions, detect
anomalies or biases.

* SHAP (Shapley Additive Explanations) (Lundberg and Lee 2017) is grounded in coop-

erative game theory, assigning each feature an importance score (the Shapley value)
indicating its contribution to a prediction. SHAP’s appeal lies in its theoretical guaran-
tees of local accuracy, consistency, and additivity, and its extension to various settings
(e.g., KernelSHAP for model-agnostic use, TreeSHAP for tree-based models (Lundberg
et al. 2020)). Nevertheless, computing Shapley values is expensive for large or complex
models; the need to define background (or reference) samples can introduce biases or
assumptions about feature independence that do not always hold.

Decision tree surrogate models and other rule-based methods (Von Winterfeldt and
Edwards 1993; Dash et al. 2018) inherently yield human-readable rules (via splits
or Boolean conditions), making them popular inherently interpretable or surrogate
approaches for larger black-boxes. Their clarity is also their weakness, as complex deci-
sion boundaries or feature interactions might be missed or oversimplified, especially
when a tree-based surrogate is used for high-dimensional data.

Counterfactual explanations (Mothilal et al. 2020; Guidotti 2024) reveal how to alter
an input minimally to obtain a different outcome. They offer actionable insights and
local transparency. However, defining actionable or realistic changes demands careful
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consideration of domain constraints and feature correlations; if a model’s behavior is
non-linear, it is difficult to guarantee that minimal changes found in one region are
meaningful in another.

* Anchors (Ribeiro et al. 2018) highlights a short set of rule-like conditions that anchor
(almost guarantee) the same classification outcome. While anchors provide concise,
high-precision local explanations, they depend on user-defined perturbation distributions
and can become overly specific. Coverage may be low in complex domains, and the logic
behind anchor generation can be opaque for non-technical users.

* Grad-CAM (Selvaraju et al. 2020) and Integrated Gradients (Sundararajan et al. 2017)
are representative gradient-based explanation methods for deep networks. They create
saliency or relevance maps for images or other differentiable inputs, helping to pinpoint
which regions influenced the prediction. Though widely used for visual data and med-
ically oriented tasks, these methods can be sensitive to choice of baselines (Integrated
Gradients) or susceptible to resolution limits (Grad-CAM), and their reliance on gradients
alone can fail when activation saturates or in the presence of adversarial manipulations.

* Concept-based explanations, especially for computer vision (Kim et al. 2018), aim to
identify human-aligned concepts present in images that contribute to a model’s predic-
tions. These methods can be either supervised (Koh et al. 2020), requiring training data
annotated with relevant concepts, or unsupervised (Zhang et al. 2021; Ghorbani et al.
2019), which rely only on class labels. Concept-based approaches have been shown to
be significantly more helpful to users than saliency-based methods. However, supervised
techniques demand extensive and often noisy or costly labeling, while unsupervised
methods frequently discover concepts that are difficult for humans to interpret.

In summary, XAI methods encompass a broad spectrum of approaches (model-agnostic vs.
model-specific, global vs. local, ante-hoc vs. post-hoc, etc.), each rooted in different assump-
tions and suited to different “explanatory” questions. For example, TreeSHAP (Lundberg
et al. 2020) helps uncover global feature attributions in ensemble tree models; LIME (Ribeiro
et al. 2016a) provides local interpretability for any black-box, but can be sensitive to sampling
issues; and gradient-based saliency approaches excel at visualizing relevant pixels or features
in DNNs, but can struggle with non-differentiable components. None of these methods, how-
ever, address downstream consequences of decisions; they focus on clarifying the process
leading to a prediction or classification. Hence, while XAl tools can greatly aid in explaining
or justifying Al outputs, additional manual steps are often required to ensure domain-specific
compliance, correctness, and consideration of real-world consequences.

S Applications of XAl in Enterprises: Case Studies and
Analysis

What XAI to use in an enterprise? The answer depends on the action-observation matrix
and the types of hypotheses involved. As we illustrated in the previous section, selecting
an appropriate XAl algorithm is inherently both intuition-dependent and hypothesis-driven.
Together, these two dimensions define the verifiability task.

In this section, we will demonstrate how to apply the MAGIX framework to systemati-
cally map Al tasks to XAI applications. Specifically, we will provide one example for each
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Table4 Examples of Al tasks and XAl solutions in the medical and healthcare sector, categorized by quadrant and hypothesis.

Quad. Hyp. AI User AI Task XAI
I H1 Radiologist Identify shards of broken bones Saliency maps or concept-based
explanations to highlight tumor
regions in scans
II H1 Medical Student Compare Al diagnosis with known  Example-based explanations;
cases retrieving similar cases
I HI Researcher Clarify unknown biomarkers in  Rule-based explanations; explain-
genetic data ing why the suggestion is
good/valid
v Hl1 Doctor Explore alternative diagnoses for ~ Example-based explanations;
complex symptoms visual step-by-step procedures
I H2 Medical Researcher  Identify novel experimental thera-  LIME or SHAP explanations
pies for patient
I H2 Physician Compare treatment options sug-  Prototype Selection
gested by Al
I H2 Doctor Clarify potential drug interactions  Rule-based explanations; display-
before prescribing ing interaction rules
v H2 Surgeon Explore new surgical techniques Example-based explanations;
visual step-by-step procedures
I H3 Patient Confirm specialized treatment Feature Attribution (e.g., SHAP)
I H3 Patient Impose lifestyle changes Example-based explanations
I H3 Patient Approve/deny treatment coverage Counterfactual explanations
v H3 Patient Adjust medications Case-based reasoning

combination of hypothesis type and knowledge acquisition task (i.e., a quadrant in the action-
observation; see Figure 3). Our focus will be on the sectors with the highest Al investments,
according to Stanford University’s 2023 Al Index Report. These sectors include medical and
healthcare; data management, processing, and cloud; fintech; cybersecurity and data pro-
tection; retail; industrial automation and networks; sales enablement; marketing and digital
advertising; augmented and virtual reality (AR/VR); drones; and insurtech.

Since providing 12 examples for each sector would amount to a total of 132 examples, we
have chosen to present all the examples for the medical and healthcare sector (see Table 4)
and only a few relevant examples for the other sectors (see Table 5).

5.1 Medical and Healthcare Sector

Given an Al system to be explained, the MAGIX method involves the following steps:

1. Identify the Hypothesis (H1, H2, H3): Determine which high-level hypothesis the Al
user aims to validate about the system.

2. Determine the Knowledge Acquisition Task: Based on the user’s knowledge and action-
ability, categorize the task into one of the four quadrants of the action-observation
matrix.

3. Select Appropriate XAI Methods: choose XAI algorithms that provide the necessary
explanations based on the task type.
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To construct Table 4, we started by identifying Al applications (and their users) relevant
to the medical and healthcare sector, focusing on tasks that align with real-world use cases
such as identifying tumors, comparing treatment options, or exploring surgical techniques.
Then, we used the MAGIX framework, following the steps above, to understand what XAI
algorithms are needed.

For instance, for the Al application of identifying shards of broken bones in CT (Computed
Tomography) scans, the users are radiologists who know how to understand whether the Al
output is correct (known knowledge actionability) but do not know how to assess the image
because it takes too much time and effort on a positive identification or some shards are so
small they can be missed (unknown state evaluation). This task fits into Quadrant I, with
Hypothesis H1 since the Al output enhances world observation. An appropriate XAI method
is feature attribution (e.g., Grad-CAM or saliency maps), which highlights regions in the CT
scans indicative of bone shards.

For the task of comparing Al diagnoses with known cases, the user is a medical student
able to understand whether a diagnosis is correct (known knowledge actionability) and to
assess the state of a patient (known state evaluation). This task fits into Quadrant II with
Hypothesis H1, as the Al helps in comparing knowledge. Example-based explanations, such
as retrieving similar cases, would be suitable to explain how the AI’s diagnosis aligns with
existing knowledge, since the medical student does not need to be given the specific rules
governing each diagnosis (they are already known).

When clarifying unknown biomarkers in genetic data, the users are researchers who do
not have knowledge to evaluate the patterns in genetic sequences (unknown knowledge action-
ability) and do not have a framework to assess these patterns’ significance (unknown state
evaluation). If they knew these things, the Al tool would be unnecessary. This task fits into
Quadrant IIT under Hypothesis H1. Rule-based explanations are used to translate complex
genetic patterns into interpretable if-then statements that make the recommendations acces-
sible and assessable. For example, a rule-based explainer might state: “If a genetic sequence
exhibits mutation X and expression level of gene Y is above threshold Z, then it indicates
a potential biomarker for disease A”. By breaking down intricate genetic data into simple,
logical rules, researchers may be able to grasp the significance of specific patterns without
needing extensive prior knowledge. This approach not only clarifies how the recommenda-
tion was derived but also allows researchers to evaluate its validity and relevance, thereby
demonstrating the recommendation’s effectiveness.

For the task of exploring alternative diagnoses for complex symptoms, the user is a
clinician who is not familiar with possible diagnoses due to the large potential number
(unknown knowledge actionability) but knows how to assess them when they see one (known
state evaluation). This task belongs to Quadrant IV under Hypothesis H1. Example-based
explanations, including visual step-by-step procedures, are appropriate to contextualize the
Al’s suggested diagnoses, showing how they relate to known cases.

Identifying experimental therapies for patients involves a medical researcher who knows
how to interpret suggested therapies once they are recommended (known knowledge action-
ability) but is exploring therapies that are outside their current knowledge base (unknown
action evaluation). This task fits Quadrant I under Hypothesis H2. Feature attribution methods
like LIME or SHAP explain how the Al determined its recommendations.
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For comparing treatment options suggested by Al, the user could be a physician who is
knowledgeable about treatment possibilities (known knowledge actionability) and knows how
to evaluate their outcomes (known action evaluation). This task fits Quadrant II under Hypoth-
esis H2. Prototype selection is used to provide representative examples of the treatments,
enabling comparisons and ensuring transparency about the Al’s suggestions.

Clarifying potential drug interactions before prescribing involves a doctor who is unsure
of the rules governing all interactions (unknown knowledge actionability) and does not know
how these interactions might affect patient outcomes (unknown action evaluation). This fits
into Quadrant IIT under Hypothesis H2. Rule-based explanations are used to display interaction
rules, explaining the conditions under which specific drug combinations are unsafe.

For exploring new surgical techniques, the user is a surgeon unsure of how to implement
them effectively (unknown knowledge actionability) but aware of their goodness (known
action evaluation). This task belongs to Quadrant IV under Hypothesis H2. Example-based
explanations and visual step-by-step procedures contextualize the AI’s suggestions and provide
guidance for practical implementation.

For the task of confirming specialized treatment, the user is a patient who trusts the
prescribed treatment (known knowledge actionability) but lacks the capacity to evaluate why
the Al suggested it (unknown state evaluation). This task fits Quadrant I under Hypothesis H3.
Feature attribution methods such as SHAP are used to explain how the AI’s decision aligns
with the patient’s medical profile.

In the case of comparing Al instructions for lifestyle changes, the user is a patient familiar
with lifestyle adjustment strategies (known knowledge actionability) and capable of evaluating
whether they fit their life (known state evaluation). This fits into Quadrant II under Hypothesis
H3. Example-based explanations illustrate how similar cases benefited from specific lifestyle
changes, providing relatable insights.

When clarifying the AI’s denial of treatment coverage, the user is a patient who does
not understand the system’s decision-making rules (unknown knowledge actionability) and is
unable to evaluate how to change their profile to meet approval criteria (unknown state eval-
uation). This task belongs to Quadrant III under Hypothesis H3. Counterfactual explanations
reveal how changes in the patient’s circumstances could lead to approval, providing actionable
insights.

Finally, adjusting medications based on Al suggestions involves a patient who does not
understand their current medications (unknown knowledge actionability) but due to previous
experience is confident about how modifications might affect their health outcomes (known
state evaluation). This fits into Quadrant IV under Hypothesis H3. Case-based reasoning thus
may offer examples of similar cases where adjustments were successful and why, giving the
patient context and confidence in their decision.

5.2 Other Sectors

To construct Table 5, we started by identifying important and realistic Al use cases in the
specified sectors, ensuring they align with real-world applications such as fraud detection
in fintech, intrusion detection in cybersecurity, or personalized product recommendations
in retail. For each use case, we determined the AI user and the specific task they aim to
accomplish. Then, we used the MAGIX framework to assign the appropriate quadrant based
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Table 5 Examples of Al tasks and XAl solutions across various sectors, categorized by sector, quadrant, and

hypothesis.
Sector Quad. Hyp. Al User Al Task XAI
Data Man- 1I H2 Cloud Infrastructure =~ Compare resource allocation  Feature attribu-
agement Manager options tion methods
Fintech I H1 Fraud Analyst Identify fraudulent transac-  Feature attribu-
tions tion methods
Fintech I H2 Loan Officer Compare loan applications  Prototype selec-
for approval tion
Cybersec. 1T H2 Cybersecurity Special-  Clarify user behavior anoma-  Counterfactual
ist lies explanations
Retail I H3 Customer Compare personalized prod-  Example-based
uct recommendations explanations
Industrial I H1 Maintenance Engineer ~ Identify equipment failure  Feature attribu-
Automa- indicators tion methods
tion
Industrial II H2 Process Engineer Compare robotic workflow  Prototype selec-
Automa- optimizations tion
tion
Sales I H2 Sales Representative Compare lead scoring results ~ Feature attribu-
Enable- tion methods
ment
Sales I H3 Customer Understand automated email ~ Feature attribu-
Enable- responses tion methods
ment
Marketing I H1 Social Media Analyst Identify brand sentiment Feature attribu-
indicators tion methods
AR/VR v H3 Trainee Put in context VR training  Example-based
feedback explanations
Drones I H1 Drone Operator Identify navigation obstacles ~ Feature attribu-
tion methods
Insurtech I H2 Claims Adjuster Compare insurance claims Prototype selec-

tion

on the user’s knowledge and actionability, identified the relevant hypothesis, and selected
suitable XAl methods according to the guidelines provided.

This table includes up to two examples per sector, covering 14 Al use cases. Each entry
specifies the sector, quadrant, hypothesis, Al user, Al task, and the selected XAI method.

6 Conclusion

In this chapter, we introduced the MAGIX theoretical framework to address the critical chal-
lenge of selecting appropriate XAl technologies in enterprise settings. By modeling the
human-Al interaction as a machine-in-the-loop Markov Decision Process, MAGIX provides
a systematic approach to align XAI methods with users’ hypotheses and intuitions. This
alignment is facilitated through the action-observation matrix, which categorizes knowledge
acquisition tasks and guides the selection of suitable XAl algorithms.

Our framework unifies and extends previous theories by integrating the evaluative Al
concept and the importance of human intuitions in explanation effectiveness. Through case
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studies in the medical and healthcare sector, as well as examples from other industries, we
demonstrated how MAGIX can be applied to real-world scenarios, ensuring that XAl tools
not only enhance transparency but also effectively support users’ decision-making processes.

Future work includes validating the MAGIX framework through empirical studies and
expanding it to accommodate emerging Al technologies and use cases. By continuing to
refine and test this framework, we aim to contribute to the development of more effective
and user-centered XAI systems that meet the diverse needs of stakeholders across various
industries.
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