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Abstract—Large Language Models (LLMs) now write with a
fluency and persuasiveness that can subtly steer users’ choices.
When their outputs lack clear and comprehensible explanations,
this persuasive power risks undermining human decision-making
capacity, raising serious ethical concerns. Current explainable ar-
tificial intelligence (XAI) techniques focus primarily on technical
transparency for epistemic purposes (how a model works); they
are rarely intended to reveal to the user the kind of influence
they are subject to. Drawing on the Indifference View of manip-
ulation, we advance a preliminary framework that reconceives
explainability as both an epistemic and an ethical imperative. The
core idea is based on explanatory metadata: layered annotations
that accompany model outputs with four complementary types of
explanation-informative, justificatory, causal, and precautionary-
which give models the ability to detail the reasons underlying
the influence they exert. Doing so shifts the XAI goal from mere
transparency to responsible influence. It positions explanations as
a safeguard against the manipulative behavior of generative Al
systems, laying the groundwork for future methods that measure,
audit, and actively constrain ethically problematic influence.

Index Terms—Explainable AI, Manipulation, AI Ethics

I. INTRODUCTION

In recent years, large language models (LLMs) have reached
a level of sophistication that makes them extremely persuasive
tools. They do not merely provide coherent responses to
textual inputs, but are also capable of inferring and predicting
user preferences based on linguistic patterns and past interac-
tions, detecting emotional signals, and dynamically adapting
responses to satisfy explicit or implicit requests [1], [2].
Consequently, interaction with LLMs is neither neutral nor
purely informative: it can take the form of profound influence
that often goes beyond the user’s awareness.

What makes this influence particularly problematic is that it
is exercised without being made explicit. Specifically, LLMs
operate without necessarily clarifying why their influence
occurs, i.e., without revealing the rationale behind their re-
sponses. Indeed, even when LLMs provide explanations for
their outputs, these typically remain semantic constructions
rather than faithful and reliable reflections of the internal
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processes and logic used to generate the output. This risks
making their influence manipulative. It is therefore crucial to
ask whether it is legitimate for such models to guide users’
thoughts and behaviors without any substantial and trustworthy
attempt to make explicit their means of influence.

In this context, explainability plays a central role. Tradition-
ally conceived as a response to the need to understand how a
system works, today, in light of the significant influence that
LLMs can exert, it must also be understood as a tool to ensure
that models’ influence remains beneficial. Explainability is no
longer simply a means to verify model outputs but a necessary
condition to make the rationale behind Al-driven influence
explicit, supporting beneficial and respectful interactions.

Explainable AI (XAI) techniques can serve to meet this
need. These techniques aim to make the decision-making
processes of Al systems more comprehensible, translating, at
least in part, the complexity of their internal mechanisms into
representations or explanations that are accessible to humans.
XAI aims to improve users’ confidence in the system and
enable a more critical evaluation of the answers provided.
However, XAI techniques suffer from two main limitations: a
technical one, related to their ineffectiveness in making LLMs’
internal mechanisms truly intelligible, offering only partial
explanations, and an ethical one, due to the lack of explana-
tions aimed at providing reasons for the influence exerted on
users. When exerted without disclosing its underlying reasons,
LLMs’ influence fails to meet the normative principle that
should guide human interactions and risks turning into harmful
manipulation. Therefore, this asymmetry between technical
explanations and ethical justifications leaves uncovered a fun-
damental knot in human-LLMs interaction. When a system
can shape beliefs and behaviors without providing meaningful
reasons for its influence, its interaction risks becoming ma-
nipulative, regardless of the system’s intentions or the user’s
awareness.

Therefore, overcoming the limitations of existing XAl
techniques becomes essential. What is needed is not just
more transparency about models’ functioning but a form
of explainability capable of making the influence of LLMs
ethically acceptable. Starting from the view of manipulation
as indifference to reasons — a leading normative account in
Al ethics — this paper proposes a preliminary framework



for alternative explainability methods, i.e., based on reasons.
These have the primary objective of ensuring that the influence
of LLMs is reason-revealing, thus preventing harm. In doing
so, the goal is to align the model behavior with the standards
for respectful and beneficial interactions.

The remainder of the paper is structured as follows. Sec-
tion II introduces, the theory that allows the evaluation of
LLMs’ influence, namely the Indifference View. Section III
elaborates on LLM as black boxes. Section IV exposes the
limitations of current XAI techniques. Section V outlines pre-
liminarily new possible explainability methods, placing them
within the existing landscape of XAl techniques. Section VI
offers a technical roadmap for implementing the proposal.
Section VII concludes.

II. EXPLAINABILITY AND MANIPULATION: THE
INDIFFERENCE VIEW

Explainability aims to make the process through which
an Al system, such as an LLM, computes a given input
and generates a specific output more transparent. To date,
explainability serves both technical and epistemic functions.
Technically, it aims to clarify the inner workings of a model,
e.g., through the attribution of features or the creation of
attention maps. Epistemically, it fosters human understanding
by enabling the verification of whether a system functions
correctly and whether flaws, biases, or inconsistencies are
present. Based on that, humans can decide whether and to
what extent to trust or follow algorithmic suggestions. In this
sense, explainability promotes more informed and responsible
engagement with Al

However, this epistemic value alone does not fully capture
the normative significance of explainability. As discussed in
the Introduction, the capacity of LLMs to subtly influence
users raises ethical concerns that extend beyond mere un-
derstanding. This section argues that explainability should
not be limited to enhancing user comprehension; it should
express a broader ethical commitment to responsible forms
of influence. This marks a crucial shift: while understanding
refers to the user’s capacity to know how the system works,
ethical justification demands that the system disclose the
reasons underlying its actions, especially when it exercises
an influence. Therefore, it is not enough for a model to be
understandable; it must also provide reason-based explanations
that make its influence legitimate and beneficial.

To address this concern, this work draws on the theory of
manipulation as outlined by the Indifference View [3], [4]. This
theoretical lens has been chosen as it proves particularly useful
in assessing LLMs’ explainability, as it identifies manipulation
not just in terms of its effects or methods alone, but also
through the lens of absence of concern for reason-giving in
the design choice of influence strategies.

Before delving deeper into this view, it is important to
acknowledge that manipulation is a dynamic and multifaceted
concept that resists definitive characterization. The various
existing accounts highlight certain manipulation features while
leaving others in the background. Some focus on outputs (e.g.,

violation of autonomy) or manipulative methods (covertness
or bypassing rationality) and although they stress important
aspects, fall victim to counterexamples and inconsistency
that question their validity [5]. The Indifference View is
not exhaustive as well. Yet, by focusing on the norm that
should guide ideal interactions, namely the revealing-reason
concern, it helps clarify how LLMs should behave to meet
that normative standard.

Following the Indifference View, what marks a manipulative
influence is: (i) being goal-directed, thereby excluding acci-
dental or incidental forms of influence; (ii) the chosen means
of influence are not selected to reveal reasons to the target.
From this perspective, the crucial aspect is the manipulator’s
indifference towards providing the manipulated person with
the reasons behind the influence they exert. Manipulation is
fundamentally about a failure to respect the normative expec-
tations embedded in interpersonal (or human—Al) relations,
namely the duty to offer reasons for one’s influence.

Applied to Al systems, it is essential to highlight that
even when an LLM provides correct or helpful answers, its
influence can be manipulative if reason-revealing explanations
do not accompany it. In other words, a formally valid output is
not enough to rule out manipulation: what matters is whether
the system’s influence reflects a concern for making its ra-
tionale apparent. Therefore, LLMs’ influence is problematic
not just because obscure mechanisms may unknowingly guide
users, but because their influence can be exercised without
concern for providing reasons. In such cases, LLMs bypass
the requirement to reveal their influence, violating in this way
the standards of respectful, i.e., reason-sensitive, interaction.

From this perspective, explainability becomes a fundamental
ethical safeguard. When the reasons behind Al systems’ output
are withheld, the reason-revealing requirement is not satisfied,
and then Al-generated influence risks becoming illegitimate
and potentially harmful.

III. LLM AS BLACK BOXES

LLMs are widely used in modern Natural Language Pro-
cessing (NLP) applications due to their high performance in
text generation, synthesis, and translation [6]. However, their
opacity presents a significant ethical challenge, prompting
researchers to investigate the underlying mechanisms that
contribute to the black-box nature of LLMs. The causes of this
black-box nature can be divided into three main categories:
architecture, training process, and post-training operations.
From an architectural point of view, LLMs are based on
Transformers, complex models with hundreds of billions of
parameters [6], [7] that process information through attention
mechanisms and distributed representations that are difficult
to interpret [8]. Attention matrices and semantic abstractions
learned in the upper layers do not always allow us to un-
derstand how a specific output is produced [9]. Training
involves using large amounts of diverse and often unstructured
data [10], and a lack of transparency in data selection [11]
introduces biases that are difficult to detect and correct. Post-
training operations, such as quantization [12], pruning [13],



and fine-tuning [14], modify the model’s behavior to improve
its efficiency or adapt it to specific contexts, but often without
being able to precisely track the impact of such modifications
on the outcomes produced. Furthermore, methods such as
Reinforcement Learning from Human Feedback (RLHF) [15],
while improving the quality of responses, add layers of in-
terpretation complexity related to the optimization algorithms
deployed. Finally, due to their probabilistic operation, the
nondeterministic nature of LLMs implies that the same input
can generate different outputs [16], making it difficult to
validate and replicate the outputs, especially in sensitive areas.

Overall, LLMs are powerful but inherently opaque due to
structural complexity, limited transparency of training data,
and variable optimization. Although several XAl techniques
have been developed to address these issues, their effectiveness
remains limited.

IV. LIMITATIONS OF XAI TECHNIQUES

XAI techniques developed so far represent a vital attempt
to improve the transparency of Al systems, and LLMs in
particular. However, these techniques are insufficient to guar-
antee truly effective and meaningful explainability for users,
for technical and ethical reasons.

From a technical standpoint, XAl techniques are often de-
signed to make AI models interpretable. However, they rarely
successfully explain the mechanisms governing the outputs
of LLMs in a complete and comprehensible manner. Popular
methods, such as attention visualizations, saliency maps, or
feature importance scores, often provide only partial, complex,
and technically dense information. Furthermore, explainability
applied to GenAl, particularly to LLMs, presents unique
challenges compared to traditional Al models [17]. First,
many interactions with these systems are inherently interactive,
dynamic, and context-dependent. In such cases, explainability
cannot simply describe the model’s behavior; it must also
make the system’s influence on the user during interaction un-
derstandable, and vice versa [18]. Second, GenAl systems rely
on much larger and more complex architectures and datasets
than traditional AI models. While conventional models are
typically trained on closed and well-defined datasets, LLMs
are built using a variety of public and private data sources
and often include modular components, such as retrieval-
augmented generation or code interpreters [19], [20]. As a
result, the final output of a GenAl system can be the composite
product of multiple interacting phases, tools, and data sources,
making it challenging to provide a coherent and unambiguous
explanation. Third, the outputs generated by GenAl systems
are qualitatively different: whereas a traditional classifier pro-
duces a single label, generative systems produce full texts,
which imply numerous choices at the semantic and stylistic
levels [21].

From an ethical point of view, the critical issues with XAl
techniques are even more pronounced. Many explainability
tools are not designed to provide end users with relevant
reasons for the influence exerted by LLMs. Rather, for in-
ternal purposes like debugging or regulatory compliance. This

kind of explainability produces a technical transparency that
remains completely indifferent to the type of reasons provided
and that matter to foster beneficial influence. Explainability,
therefore, risks being ineffective for addressing manipulation,
and insufficient for promoting responsible interaction [22].

Beyond that, even more concerning, algorithmic trans-
parency can become a direct means for manipulation. System
designers, indeed, may implement explainability features that
give the impression of openness and clarity, while actually
failing to disclose the normative rationale behind the system’s
influence [4]. They could provide enough information to
appear transparent while guiding users’ behavior to benefit
the system’s operators. In this sense, so-called transparent
explanations can function as manipulation tools, offering in-
formation that nudges users toward desired outcomes (e.g.,
continued engagement or consumption). For instance, a system
may explain simply because it is supported by a library that
implements a specific function. However, such an explanation
would not provide any pertinent reason for the influence
exerted by the system. In such cases, explainability risks
becoming a formality that hides manipulative pitfalls.

Ultimately, current XAl techniques, while improving formal
transparency, do not provide ethically adequate explanations:
they do not clarify why LLMs influence users in certain ways.
Without such normative reason-giving, they risk manipulative
consequences even in the presence of correct or transparent
outputs.

V. ALTERNATIVE METHODS FOR LLMS’ EXPLAINABILITY

As argued above, despite recent efforts, XAl continues to
show clear limitations. Empirical studies suggest that existing
techniques offer modest benefits [23], [24], and some even
define XAl research as ’largely unproductive’ [25]. The advent
of generative models has exacerbated the problem: LLMs
generate fluid but not always factual responses, which can
report misleading, inaccurate, or even harmful content (halluci-
nations) [26]. This requires an explainability that goes beyond
technical transparency and explicitly focuses on the influence
exerted on users.

To address this challenge, this paper proposes a novel,
albeit preliminary, approach to explainability, centered on
the idea of explanations as tools for counteracting potential
manipulative influences. Rather than merely describing the
inner model’s functioning, this approach emphasizes the need
to provide clear and meaningful reasons for the influence
exerted, through various kinds of explanations. The proposal’s
core consists of using explanatory metadata that allows various
types of explanations: justificatory, causal, informational, and
precautionary [27]. Metadata-based explanations extend be-
yond the computational and mechanistic explanations provided
by traditional XAI methods, which typically focus on isolated
technical aspects, such as feature rankings or gradient-based
attributions, without clarifying the underlying reasons for a
system’s influence. The proposed approach, by broadening the
explainability range to accommodate an understanding that
encompasses multiple explanatory dimensions, marks a crucial



step toward achieving influence-aware explainability.

A key example of this metadata is the logic underlying the
user’s input. For instance, the model could explain how it pro-
cessed and interpreted the user’s request, as well as the criteria
it used to generate the response. This would provide the user
with an informative explanation. An example might be: “This
formulation is based on points X and Y in your question”. This
explanation would help the user understand how the model’s
input interpretation affected the answer. Otherwise, another
kind of informative explanation could make explicit how the
question’s wording shaped the model answer, disclosing how
different wording could have led to a different outcome. The
model would provide reason-revealing explanations for its
influence by making this interpretive process transparent.

In addition, explanations could be based on other metadata,
such as the model’s confidence level, which not only indicates
the certainty of the output but also defines how much weight to
assign to the information provided. For example, if a chatbot
enriched its answers with statements like ’this information has
a confidence level of 85%. I provided this answer because it
has the highest certainty score among available options.” This
statement provides a cautionary explanation, enabling the user
to critically evaluate the degree of uncertainty in the output and
decide whether to trust the system or seek further confirmation
elsewhere.

Another type of metadata could involve paraphrasing the
model’s system constraints, particularly for systems involving
prompt engineering. These data could provide the user with
a justificatory and precautionary explanation revealing the
rationale for the generated response. In an educational setting,
for instance, a learning-support chatbot might be programmed
to avoid directly showing homework answers. Then, if a
student asked for the solution to their algebra problem, the
chatbot might answer: ’Rather than giving you the solution
directly, let’s work through this together. I'm here to help you
figure it out on your own. To solve this problem, try to isolate
the variable and...” This kind of response would respect the
educational constraint of not providing the solution outright
without disclosing the technical configuration of the system.
At the same time, it communicates the rationale behind the
model’s influence, making it transparent to the user why a
certain suggestion or refusal is being made.

These examples show the potential of an alternative ex-
plainability, where metadata not only increase systems’ trans-
parency, but also help to counteract the risks of manipula-
tion, clarifying how LLMs influence users. Metadata-based
explanations are not mutually exclusive, but complementary
dimensions of an integrated strategy oriented at making the
influence exerted by LLMs reason-sensitive. In real contexts,
it is indeed essential to integrate different levels of explanation
(i.e., what the system does, how it acts, why it does it) to
design truly reliable and normatively legitimate systems.!

"However, it should be noted that the reliability of these explanations also
presents significant challenges, particularly because they are generated by the
same system that exerts influence over the user. This overlap raises important
ethical concerns regarding trust, deserving future further investigation.

A. Explainability through metadata within the XAl techniques
landscape

This integration of metadata to provide reasons for LLMs’
influence contributes to the broader debate on GenAl explain-
ability. This proposal can be distinguished from three main
common approaches:

« Interpretable models through auxiliary architectures: sev-
eral methods improve LLMs’ explainability by integrat-
ing external components. Some employ auxiliary mod-
els, such as graph neural networks or external knowl-
edge bases [28], others leverage multi-model architec-
tures or combine symbolic logic with internet-based
retrieval mechanisms [29], [30]. One relevant approach
is Retrieval-Augmented Generation, which binds the out-
put to a predefined and analyzable corpus, making the
responses more interpretable and verifiable [19]. This
paper’s proposal differs as it does not merely enhance
technical traceability through external components but
seeks to reveal the reasons behind the model’s influence.

o Prompt-based explanations: techniques such as Chain-of-
Thought prompting allow models to be guided in gener-
ating explanations step-by-step, simulating an articulated
reasoning [31]. These strategies leverage the interaction
between the prompt and the model’s output to generate
an explanation that aligns with the internal structure of
the generative process. This paper’s proposal stands apart
by introducing layered, metadata-driven explanations that
clarify the model’s interpretive process, rather than sim-
ulated internal reasoning.

¢ Self-explaining models: this is based on LLMs’ ability to
produce explanations independently, without resorting to
external XAI techniques. LLMs can generate personal-
ized explanations for their outputs, explain the decisions
of other models, or detect patterns in the data through
self-prompting techniques [31]-[33]. This paper’s pro-
posal stands out for prioritizing ethically grounded jus-
tification: metadata-based explanations are designed to
be modular, verifiable, and oriented toward revealing the
reasons behind model-user interactions.

Within this landscape, the proposed metadata-based ap-
proach stands out for its focus not only on technical trans-
parency but also on justifying the influence exerted by LLMs.
Transparency alone is not a safeguard against manipulation or
misuse [34]; without active mechanisms to detect and prevent
dishonest behavior such as deceptive prompting, misaligned
outputs, or strategic omission, LLMs risk becoming tools of
obfuscation rather than clarity. The originality of this perspec-
tive, particularly in its emphasis on proactive accountability,
will be further discussed in the concluding section.

VI. TECHNICAL ROADMAP

This section presents a comprehensive experimental eval-
uation roadmap. It presents a plan to systematically assess
the hypothesis, comprising (i) implementation strategy, (ii)
evaluation metrics, and (iii) controlled experimental settings
for empirical evaluation.



A. Implementation

To enable metadata-driven LLMs’ explainability, we pro-
pose the high-level Algorithm 1 to capture, process, and
integrate explanatory metadata into model outputs. This ap-
proach is designed to facilitate not only technical transparency
but also user-centered justification by transforming internal
model signals into human-readable explanations. We support
the selective disclosure of information based on the type
of explanation, while maintaining the flexibility for future
metadata categories, such as user profiling, bias detection,
and semantic salience. The algorithm begins by calling the
core inference function LLMn fer (Line 1), producing both
the model’s textual response and its internal state given the
user’s input; then it initializes the configuration array of ex-
planation types—informative, justificatory, precautionary, and
causal—that determine which modules may later be invoked
(Line 2). The ExtractAllMetadata function is invoked (Line 3),
which aggregates all relevant internal signals into a metadata
object. It then calls GenerateExplanation (Line 4), passing
the collected metadata and configuration so that each enabled
explanation module can produce its fragment. The next step
is to persist the full metadata object in an audit log for
traceability and iterative refinement. Finally, Line 6 integrates
the original model output with the assembled explanation and
returns the combined, human-readable result.

The ExtractAliMetadata method gathers usable metadata
in a single map used in generating explanations (Lines 8-
16). The GenerateExplanation routine then transforms the
generated metadata map into a coherent narrative (Lines
17-26). It iterates over each enabled explanation category
(i.e., informative, justificatory, etc.) where the user initially
inputs the configurations. Each module ingests the map M
and produces a self-contained fragment that emphasizes its
rhetorical purpose: whether to inform (i.e., “you can see
attention peaks on key terms”), justify (i.e., “this paraphrase
reflects the system constraints”), warn (i.e., “confidence is
only 62% here, so interpret cautiously”), or trace cause (i.e.,
“this emerged because of semantic clustering with your topic
keywords”). All of these fragments are then passed to a
merging function that concatenates them into a single, unified
explanation alongside the original LLM response.

To support the implementation of the proposed framework,
we will experiment with both on-premise and cloud-based
LLMs accessible via APIs, including models such as GPT-4,
Claude, and LLaMA. Additionally, the explainability work-
flow will be orchestrated using agent-based frameworks like
LangChain, CrewAl, and Autogen, enabling modular integra-
tion and metadata generation throughout the interaction.

B. Evaluation

An evaluation protocol will be implemented to validate the
utility of our metadata-based explanations. Accordingly, the
perceived reliability from a user’s perspective will be assessed
using a seven-point Likert scale (i.e., “I trust this explana-
tion”) given immediately after the task. The effectiveness of
influence will be evaluated through a between-subjects A/B

Algorithm 1: Configurable Metadata-Based Explana-
tion Workflow
1 Procedure GenerateExplainedLLMResponse(input):
2 (output, state) <— LLM_Infer(input)
3 config <~ [informative, justificatory,
precautionary, causall
4 metadata <~ ExtractAllMetadata(input,
output, state)
5 explanation
GenerateExplanation(metadata, config)
LogMetadata(metadata)
return Integrate(output, explanation)
Function ExtractAllMetadata(input, output, state):
M« {}
10 M.tokens + GetSaliencyMaps(state)
11 Md.clusters <— ClusterEmbeddings(input,
output)
12 M.confidence < ComputeConfidence(state)
13 M.constraints < FetchActivatedRules(state)
14 M.alternatives <—
EnumerateAlternatives(output)
15 M.profile <— GetUserProfile(input.user_id)
16 return M
17 Function GenerateExplanation(metadata, config):
18 | explanations <+ []
19 foreach rype in config do

e e 9 &

20 if TsModuleEnabled(type) then

21 module <
LoadExplanationModule(type)

22 part <— module(metadata)

23 Append(explanations, part)

24 end

25 end

26 return MergeExplanations(explanations)

study, comparing decision quality across a control group (LLM
output only) and an experimental group (augmented with
metadata explanations). Finally, we will analyze adaptivity by
correlating self-reported expertise levels with metrics such as
explanation length and module count, thereby quantifying how
well the system personalizes its explanatory depth.

VII. CONCLUSION

This proposal of a metadata-based explainability approach
makes an original contribution to the GenAl explainability
debate, shifting the focus from simply explaining how the
model works to clarifying the nature of the influence it
exerts. LLMs do not merely generate content, but subtly and
implicitly modulate preferences and behaviors. For this reason,
this work argues that explainability must evolve from a purely
technical tool to an ethical and relational resource, aimed at
revealing the reasons behind LLMs’ influence.

While the use of metadata is not new to XAl it is typically
limited to technical indicators such as confidence scores and



source rankings. This proposal advances a reflexive use of
metadata as narrative elements to explain how input is inter-
preted, which alternatives are discarded, and what signals or
uncertainties guide the model’s behavior. These explanations
move beyond the output description to clarify the mechanisms
of user influence.

Ultimately, this perspective advocates for a multidimen-
sional and adaptive form of explainability, which extends be-
yond standard XAI practices. Despite having different focuses,
all types of metadata-based explanations share the goal of
revealing the reasons for the influence exerted. The aim is not
only to make the models comprehensible, but also accountable,
fostering an interaction that respects the normative principles
governing human relations. Although the concrete realization
of this approach poses significant challenges, it represents a
crucial theoretical step toward truly trustworthy Al
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