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Abstract
We investigate how LLM-mediated explanations can preserve evi-
dence trails, support orientation, and reduce interpretation effort
under cognitive and temporal constraints. While LLMs can make
XAI artifacts accessible, fluent summaries may obscure provenance
and hinder verification. We introduce the XAI-Seeking Principle
(XSP), a hypertextual design principle that structures explainabil-
ity as linked abstraction layers: overview-links connect low-level
evidence to higher-level summaries, while detail-links preserve
inspectable evidence. Higher levels support rapid action; lower lev-
els enable justification and verification. XSP guides transformation
monitoring, feature alignment, performance–latency trade-offs, and
validation-driven refinement. We examine it in a misinformation-
support prototype for social media posts. Results reveal layer-
specific effects of model scale and reasoning, trade-offs between
semantic grounding and assessment stability, and the value of vali-
dation signals for adapting transformations. XSP thus provides a
design principle for constructing explainability as a navigable repre-
sentation space, with technical evidence on how abstraction layers,
feature grounding, latency, and validation interact in LLM-mediated
XAI.

CCS Concepts
• Computing methodologies→ Information extraction; Nat-
ural language generation; • Human-centered computing→
Empirical studies in interaction design; • Information sys-
tems→ Decision support systems.
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Large Language Model Mediation, Explainable AI, Decision Co-
Pilot Systems, Misinformation Detection

This work is licensed under a Creative Commons Attribution 4.0 International License.
HT ’26, London, United Kingdom
© 2026 Copyright held by the owner/author(s).
ACM ISBN 979-8-4007-2564-7/2026/09
https://doi.org/10.1145/3800935.3830869

ACM Reference Format:
Valentin Grimm, Jessica Rubart, Eelco Herder, and Carsten Röcker. 2026.
The XAI-Seeking Principle: Structuring Explainability for LLM-Mediated
Decision Support. In 37th ACM Conference on Hypertext and Social Media
(HT ’26), September 14–18, 2026, London, United Kingdom. ACM, New York,
NY, USA, 7 pages. https://doi.org/10.1145/3800935.3830869

1 Introduction
Large Language Model (LLM)-mediated decision-support systems
(DSSs) transform technical evidence into fluent, high-level explana-
tions. While this can reduce cognitive effort, it also changes how
users navigate, verify, and contest information. From a hypertext
perspective, this is a problem of orientation, provenance, and in-
spectable trails (cf. [10]).

In domains such as content moderation, information filtering,
and operational decision-making, users often need to act on uncer-
tain model outputs under limited attention [22]. In such settings,
the bottleneck is whether users can understand what the system
is claiming, why it claims this, and how to inspect the underlying
evidence.

In this paper, we introduce the XAI-Seeking Principle (XSP),
a hypertextual design principle that organizes LLM-mediated ex-
planations as linked abstraction layers. Overview-links synthesize
low-level XAI artifacts into higher-level summaries, while detail-
links allow users to inspect the evidence behind these summaries.

Classical Explainable AI (XAI) artifacts can expose technically
relevant evidence, but they rarely define how users should move
from a high-level recommendation to lower-level evidence, or how
intermediate summaries should remain linked to the artifacts they
summarize [13].

LLMs can turn technical XAI artifacts into accessible summaries,
but they can also collapse multiple evidence sources into a single
fluent statement. This may hide the path from evidence to assess-
ment and make it harder for users to verify whether a summary
faithfully reflects the underlying model behavior (cf. [10]).

Prior work on conversational navigation shows that LLM inter-
faces can obscure links, trails, provenance, and orientation cues
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that are normally central to hypertextual sensemaking [10]. XAI-
seeking addresses this by making the transformations between
evidence, summaries, and assessments explicit and navigable.

The XSP conceptualizes explainability as a layered transforma-
tion pipeline, in which low-level model artifacts are incrementally
synthesized into higher-level, actionable representations. These
representations serve as decision points that allow users to act
quickly or selectively access deeper evidence when needed. From
this structure, we derive four design characteristics for XAI-seeking
systems: monitoring transformation quality, aligning features with
the problem space, balancing explanation quality and latency, and
using validation signals for targeted refinement.

We instantiate XSP in a misinformation-support prototype for
social media posts and use it as a technical proof of concept to
examine selected design characteristics. The technical evaluation
examines how model scale and reasoning affect different abstrac-
tion layers, how feature design influences explanation quality and
assessment stability, and how validation signals can diagnose di-
vergence patterns and guide prompt adaptation.

The three contributions of this paper are as follows:

(1) Conceptual: XSP as a hypertextual design principle for struc-
turing LLM-mediated explainability as linked abstraction
layers.

(2) Design: Four operational characteristics for building XAI-
seeking systems: monitoring/validation, feature-problem re-
lation, performance-latency trade-off, and validation-driven
improvement.

(3) Technical: Amisinformation proof-of-concept showing layer-
specific effects of model scale/reasoning, feature-grounding
trade-offs, and validation-driven adaptation.

2 Related Work
Early approaches to XAI focused on post-hoc techniques that make
opaque model predictions more interpretable to humans. Methods
such as LIME [11], SHAP [8] and Anchors [12] expose local or
global evidence, but this evidence is often technical, fragmented and
difficult to use under time constraints and does not by itself define
how users move between overview, intermediate interpretation,
and detailed inspection.

Recent LLM-XAI systems show that language models can trans-
late feature attributions, counterfactuals, or other XAI artifacts into
more accessible explanations [17, 18]. However, these systems often
focus on generating or querying explanations, while the relation
between abstraction layers, evidence trails, validation signals, and
interaction structure remains under-specified.

LLM-mediated explanations introduce a specific validation prob-
lem: generated rationales may appear plausible while failing to
faithfully reflect the model evidence on which they are based [1].
Prior work has therefore proposed automatic and LLM-based checks
for hallucination, factuality, and rationale quality [5, 9, 16], but
these approaches often evaluate outputs at the level of individual
responses, models, or benchmarks rather than as part of an inter-
active explanation structure. In XSP, validation is instead treated
as a structural mechanism for inspecting transformations between
abstraction layers to support scalable diagnosis and refinement of
the explanation pipeline.

Figure 1: The XAI-Seeking Principle as linked abstraction
layers.

Within the hypertext community, XAI appears as an emerging,
strongly human-centered line of work rather than as a purelymodel-
centric one. Barria-Pineda et al. [3] explicitly study explainable
recommendations, showing how textual explanations can support
users’ interaction with adaptive systems, while Burel and Alani
[4] make misinformation monitoring more interpretable through
automatically generated, human-readable reports about the co-
spread of misinformation and fact-checks.

This perspective connects naturally to recent work on generative
AI: Ayoobi et al. [2] do not treat LLM-generated fake news only
as a detection task, but identify simple linguistic cues intended
to help users themselves become more skeptical of AI-generated
news. Rahdari and Brusilovsky [10] argue that conversational nav-
igation challenges core hypertext properties such as visible links
and inspectable provenance, underscoring the need for interfaces
that preserve orientation, traceability, and user agency. This work
motivates treating LLM-mediated explainability as a hypertextual
problem where summaries, evidence, provenance, and interaction
paths must remain linked so that users can move between rapid
orientation and deeper verification.

3 XAI-Seeking Principle
LLM-mediated explainability creates a representational problem
where technical evidence, natural-language summaries, and higher-
level assessments are produced at different levels of abstraction, but
their relations are often hidden. The XSP addresses this problem
by treating explainability as a linked representation space rather
than as a single explanatory output.

3.1 Explainability as Linked Abstraction Layers
The XSP defines explainability as a layered process in which multi-
ple representations of the same underlying evidence are connected
across abstraction levels. Figure 1 illustrates this structure and
shows how low-level XAI artifacts are progressively synthesized
into higher-level summaries through overview-links, while detail-
links preserve access from summaries and assessments back to the
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evidence they summarize. It builds on Shneiderman’s information-
seeking mantra—“overview first, zoom and filter, details on de-
mand” [15] — but adapts this idea to LLM-mediated XAI. Prior
work demonstrates the value of coordinating multiple views and
contextual information for decision support [14]. XSP extends this
perspective by formalizing explainability as linked, LLM-mediated
transformations whose coherence can be inspected and validated.
Users first encounter an overview, can then inspect intermediate
summaries, and can finally access detailed model evidence when
needed. In contrast to a single generated explanation, XSP treats
these representations as parts of a navigable structure.

At lower levels, the system exposes model outputs, feature at-
tributions, performance indicators, or other XAI artifacts. Higher
levels synthesize these artifacts into technical summaries, layper-
son summaries, trust assessments, or decision-oriented rationales;
the number and type of layers depend on the domain and task.
The central mechanism is the explicit connection between layers:
overview-links compress evidence upward, while detail-links pre-
serve verifiable paths back down. A high-level assessment should
therefore remain connected to the intermediate summaries and
low-level evidence from which it was derived.

In this structure, higher-level representations function as entry
points for action or inspection. Users may use them for initial ori-
entation, but the system preserves the option to seek additional
evidence before relying on them. Explainability thus becomes an on-
demand, goal-directed process, enabling users to move upward for
abstraction and downward for justification. The following section
derives design characteristics for constructing such XAI-seeking
systems and for technically probing whether transformations be-
tween abstraction layers remain useful, traceable, and reliable.

3.2 Design Characteristics for XAI-Seeking
Systems

Linked abstraction layers make explanations navigable, but they
also introduce potential failure points. Each transformation from
low-level evidence to higher-level summaries can distort, over-
compress, or delay information. XAI-seeking systems therefore
require design characteristics that make these transformations in-
spectable and adaptable. We derive four such characteristics from
the XSP structure: monitoring and validation, feature–problem re-
lation, performance–speed trade-off, and scalable improvement.
These characteristics are not fixed implementation requirements
and rather define what should be made explicit when constructing
and technically evaluating an XAI-seeking system (see table 1).

Monitoring and validation are central because XSP relies on
transformations between representations rather than on a single
explanation output. Validation should assess whether individual
outputs are understandable and whether the relations between
outputs remain coherent. In this paper, we focus on two valida-
tion targets: truthfulness/coherence across abstraction levels and
clarity within generated representations. Because these targets are
partly semantic, they cannot be fully captured through determinis-
tic checks alone. LLM-based judging (cf. [21]) can provide scalable
diagnostic signals for such cases, but must be interpreted cautiously
and not as independent ground truth.

Feature–problem relation concerns the degree to which the
system’s internal features are meaningful for the user’s decision
problem. In XSP, features are not only model inputs but they also
serve as navigational cues. Strong feature–problem relations im-
prove information scent because users can more easily anticipate
why a feature matters and whether deeper inspection is useful.
Weak feature–problem relations, by contrast, may reduce orienta-
tion and make LLM-mediated summaries harder to verify.

Performance–speed trade-off is relevant because XSP as-
sumes that users can move between abstraction depths. This move-
ment depends on system responsiveness. Larger models, reasoning
modes, and multi-step synthesis may improve explanation quality,
but they can also increase latency. XAI-seeking systems should
therefore align computational effort with the expected value of ad-
ditional explanation depth, especially in time-constrained decision
settings.

Scalable improvement means that validation signals should
not only evaluate explanations after generation, but also support
targeted refinement of the explanation pipeline. When recurring
divergence patterns are detected, designers can adapt prompts,
feature representations, model configurations, or linking strategies.
In this paper, we illustrate this through prompt adaptation based on
divergence analysis, showing how validation can guide refinement
without assuming fully automated self-improvement.

Together, these characteristics operationalize XSP as a design
principle that can be technically probed. The following section
instantiates them in a misinformation-support prototype and exam-
ines how model configuration, feature grounding, and validation-
driven adaptation affect the quality and responsiveness of LLM-
mediated explanation layers.

4 Misinformation Proof of Concept and
Technical Probes

To examine how the XAI-Seeking Principle can be operational-
ized, we instantiate it in a misinformation-support proof of concept.
The domain is suitable for this purpose because users may en-
counter frequent, low-stakes but time-sensitive judgments about
short social-media claims. The prototype is not intended as a state-
of-the-art misinformation detector but provides a controlled setting
for studying how model evidence, XAI artifacts, and LLM-mediated
summaries can be linked across abstraction levels. The system uses
political statements from LIAR-2 [19] and a curated PolitiFact 1

subset, with labels simplified into three categories: True, Neither,
and False.

4.1 Prototype and Evidence Pipeline
From the user perspective, the prototype follows the XSP interac-
tion flow in Figure 2. A social media post is first presented with
a high-level flag and trust assessment in the advisor view. Users
can then inspect intermediate rationales and follow detail-links
to relevant XAI modules, such as SHAP or feature distributions,
where generated summaries accompany lower-level artifacts. The
interface therefore implements the movement from overview to
progressive exploration and detailed inspection described in Sec-
tion 3.1.
1https://www.politifact.com
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Table 1: Design characteristics for XAI-seeking systems and their corresponding technical probes.

Characteristic Role in XSP Technical probe in this paper

Monitoring & validation Checks whether transformations between ab-
straction layers preserve coherence, clarity,
and traceability.

Truthfulness/coherence checks, clarity ratings,
label–assessment consistency, and divergence
analysis.

Feature–problem relation Ensures that features provide meaningful in-
formation scent and can be interpreted in rela-
tion to the task.

Comparison of semantically grounded features
and more abstract linguistic features.

Performance–speed
trade-off

Balances deeper synthesis and reasoning
against latency in time-constrained interac-
tion.

Comparison of LLM scale, reasoning mode,
and response latency.

Scalable improvement Uses validation signals to identify recurring
failure modes and refine the transformation
pipeline.

Prompt adaptation based on categorized diver-
gence cases.

Figure 3 abstracts this interaction as a technical XSP pipeline
with three functional components. First, a flagging component
transforms each post into semantically grounded features for clas-
sification. Second, an XAI component generates model-specific
evidence, including local feature attributions, partial-dependence
information, global feature importance, feature distributions, and
performance indicators. Third, an LLM-mediated explanation com-
ponent transforms these artifacts into higher-level representations.

The classifier operates on ten semantically grounded features ex-
tracted from the post text: polarization, source quality, emotionality,
sentiment, us-versus-them language, exaggerated uncertainty, de-
humanization, black-and-white framing, victim-villain framing, and
reading difficulty. As interpretable rhetorical or credibility-related
cues, these features serve both as model inputs and as navigational
cues in the explanation interface. In the XSP structure, they shape
the information scent available to users and the LLM-mediated
explanation pipeline.

The resulting feature vectors are used to train a random-forest
classifier, chosen for its compatibility with efficient XAI methods
such as TreeSHAP [7] and its suitability as an interpretable evidence
generator. Predictive optimization is not the prototype’s primary
goal; rather, the classifier produces stable model outputs and XAI
artifacts for studying evidence transformation across abstraction
layers.

The LLM-mediated explanation component operationalizes XSP
as a two-stage transformation pipeline. At abstraction level 1, low-
level XAI artifacts are translated into technical and layperson sum-
maries. At abstraction level 2, these summaries are synthesized into
a trust assessment (the high-level assessment score), a technical
rationale, and a short rationale. Thus, the prototype connects low-
level evidence to higher-level assessments through overview-links
while preserving detail-links to the XAI artifacts that ground the
assessment.

4.2 Technical Evaluation Design
The evaluation technically probes the design characteristics in-
troduced in Section 3.2. It does not evaluate user decision quality
directly but rather examines whether the LLM-mediated transfor-
mation pipeline preserves clarity, coherence, and traceability across

Most relevant modules: SHAP and Feature Distribution
Detail Links

Generated Overview (Layer 2)

Generated Overview (Layer 1)

Detail LinksDetail Links

Generated Overview (Layer 1)

Figure 2: User-facing XSP interaction in the misinformation
advisor.

abstraction levels. The main analysis uses 102 balanced samples
with five runs per configuration to account for variance in LLM out-
puts. We focus on the Qwen3 model family [20] to compare model
scale and reasoning under a consistent evaluation setup (see ta-
ble 2). Additional closed-model runs were conducted as exploratory
checks but are not central to the short-paper analysis because they
used a smaller sample.

We evaluate three types of signals (cf. Figure 3). First, truthfulness
and coherence checks assess whether summaries and rationales
remain faithful to the lower-level evidence they summarize. Second,



The XAI-Seeking Principle: Structuring Explainability for LLM-Mediated Decision Support HT ’26, September 14–18, 2026, London, United Kingdom

Figure 3: Instantiation of XSP in the misinformation proof
of concept. Solid arrows indicate LLM-mediated transforma-
tions; dashed arrows indicate validation probes for truthful-
ness/coherence, clarity, and label–assessment consistency.

Table 2: Model configurations used for the model-scale and
reasoning probe.

Condition Model Size Reasoning

Small Qwen3 4B 4B No
Medium Qwen3 8B 8B No
Large Qwen3 30B Instruct 30B No
Large+Reasoning Qwen3 30B Think 30B Yes

clarity ratings assess whether generated representations are under-
standable. Third, label–assessment consistency checks whether the
trust assessment aligns with the model output. Because truthful-
ness and clarity are semantic properties, LLM-based judging is used
as a scalable diagnostic signal but not considered as independent
ground truth.

The technical probes address three questions. First, how domodel
scale and reasoning affect different abstraction layers? Second, how
does the relation between features and the decision problem in-
fluence explanation quality and assessment stability? Third, can
validation signals reveal recurring failure modes and guide targeted
refinement of the transformation pipeline?

4.3 Technical Probes and Findings
Table 3 summarizes the three technical probes and their implica-
tions for the XSP. The following paragraphs describe the findings
in more detail.

Model scale and reasoning. The model-scale probe shows that
increased LLM capacity does not improve all abstraction layers
uniformly. Larger models improved explanation-oriented metrics,
especially technical XAI clarity and XAI description truthfulness,
but high-level assessment metrics were less stable and often non-
monotonic. Reasoning reduced variance in some cases, but intro-
duced substantial latency. This aligns with the performance–speed

trade-off characteristic. XAI-seeking systems should not simply use
the strongest model everywhere, but should align model capacity
with the abstraction layer and with the expected value of deeper
synthesis.

This finding is relevant for the design of linked abstraction lay-
ers. In this specific setup and model choices, low-level transfor-
mations, such as summarizing XAI artifacts, appeared to benefit
from stronger models because they required faithful synthesis of
technical evidence. Higher-level assessments, by contrast, required
additional judgment about whether the model output should be
trusted. These assessments may become less stable when larger or
reasoning-enabled models introduce more nuanced interpretations
that are not strictly grounded in the classifier evidence. Thus, differ-
ent layers of an XAI-seeking pipeline may require different model
configurations.

Feature–problem relation. The feature-relation probe compares
the semantically grounded feature set with a more abstract lin-
guistic feature set based on stylistic and grammatical properties,
such as character count, word count, part-of-speech counts, and
word density. The results were mixed. Semantic features improved
explanation-oriented metrics such as truthfulness and clarity, while
linguistic features improved label–assessment consistency and as-
sessment stability.

This suggests that strong feature–problem relations improve the
interpretability of LLM-mediated explanations but also introduce a
risk. When features such as polarization, emotionality, or source
quality are semantically meaningful, the LLM can explain them
more naturally and relate them to the misinformation task. At the
same time, the LLM may start to reason from its own interpretation
of these feature values rather than from the XAI artifacts alone.
Feature design therefore affects both information scent and the
risk of feature interpretation bias. In XSP terms, features are not
neutral inputs and shape the navigational cues that connect model
evidence, summaries, and assessments.

Validation-driven adaptation. The validation-driven adaptation
probe illustrates how monitoring can support targeted refinement.
We analyzed divergence cases in which the assistant’s trust as-
sessment conflicted with the classifier evidence and categorized
recurring causes. The most prominent failure mode was feature in-
terpretation bias where the LLM sometimes treated strong semantic
feature values, such as high polarization or negative emotionality,
as direct evidence against the post rather than grounding the as-
sessment in the XAI artifacts.

To address this failure mode, the abstraction-level 2 prompt was
refined to reduce direct reliance on feature values and to prioritize
evidence from the XAI artifacts. After adaptation, short assessment
truthfulness improved by 17%, assessment clarity improved by 9%,
interpretation-bias divergences declined by 40%, and total diver-
gences declined by 12%. This result does not show fully automated
self-improvement, but it demonstrates how validation signals can
make failure patterns inspectable and guide targeted refinement of
the explanation pipeline.

Taken together, the probes show that XSP is also a technical
design problem. The quality of an XAI-seeking system depends on
how model capacity, feature representation, latency, and validation
are coordinated across abstraction layers. In the misinformation
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Table 3: Summary of technical probes and their implications for XSP.

Probe XSP characteristic Main observation Implication

Model scale and
reasoning

Performance–speed trade-
off

Larger models mainly improved
explanation-oriented metrics at
lower abstraction levels, while trust
assessment was less stable. Reasoning
increased latency substantially.

Different abstraction layers may re-
quire different model capacities; costly
reasoning should not be applied uni-
formly.

Feature relation Feature–problem relation Semantically grounded features im-
proved explanation-oriented metrics,
while linguistic features improved label
consistency and assessment stability.

Feature choice may necessitate trade-
offs between explanatory accessibility
and assessment alignment.

Divergence adap-
tation

Monitoring, validation,
and scalable improvement

Divergence analysis revealed recurring
interpretation bias. Prompt adaptation
improved abstraction-level 2 metrics
and reduced divergent cases.

Validation signals can guide targeted
refinement of LLM-mediated transfor-
mations.

proof of concept, these probes provide evidence that linked expla-
nation layers can be technically inspected and refined.

5 Discussion and Limitations
The technical probes in this paper support XSP primarily as a design
principle for structuring and inspecting LLM-mediated explanation
pipelines. They complement prior user-facing work on the same
misinformation AI Advisor, which found indicative evidence that
LLMmediation can reduce time-to-decision and reshape interaction
behavior without clearly increasing blind reliance on the system [6].
In contrast, this paper examines the technical characteristics un-
derlying this instantiation, i.e., how model configuration, feature
representation, latency, and validation affect linked abstraction
layers. In this sense, the main contribution is a conceptual and tech-
nical account of how an XAI-seeking pipeline can be constructed,
inspected, and refined.

The probes point to three design implications. First, model ca-
pacity should be selected per abstraction layer rather than treated
as a uniform system-level property. Stronger or reasoning-enabled
models can improve low-level synthesis, but are not necessarily
better for high-level assessments and introduce latency. Second,
semantically grounded features improve information scent and
explanation quality, but also require validation because they can
invite feature interpretation bias. Third, validation should inspect
relations between abstraction layers rather than only isolated out-
puts; divergence analysis can expose recurring failure modes and
guide prompt or feature refinements. Thus, XSP is a technical de-
sign problem in which model configuration, feature representation,
linking, and validation must be coordinated.

The conceptual contribution of XSP is therefore the combination
of cognitive compression and cognitive verification. Overview-links
allow technical evidence to be transformed into higher-level sum-
maries that support orientation. Detail-links preserve access to the
lower-level evidence required for inspection and contestation. This
structure is especially relevant for LLM-mediated interaction, where
fluent summaries can otherwise hide provenance and collapse mul-
tiple evidence sources into a single statement. XSP addresses this

by treating explainability as a navigable representation space rather
than as a single generated explanation.

Several limitations remain. First, the results provide technical
evidence about the explanation pipeline, not comprehensive vali-
dation of user-facing decision quality. Second, LLM-based judging
enables scalable semantic diagnostics but introduces circularity
because LLMs both generate and assess explanations. Its scores
should therefore be treated as diagnostic signals rather than in-
dependent ground truth. Third, the interpretable random-forest
classifier and semantically grounded features facilitate inspection
but limit generalization to more complex models and domains with
less user-aligned features.

XSP is structurally domain-general: many decision-support set-
tings require movement between evidence, summaries, and higher-
level assessments. Yet its layers, features, validation targets, and
latency thresholds require domain-specific adaptation. Future work
should use larger, more diverse user studies to examine effects on
orientation, verification, calibrated reliance, and decision quality.

6 Conclusion
This paper introduced the XAI-Seeking Principle as a hypertex-
tual design principle for LLM-mediated explainability. XSP struc-
tures explanation as linked abstraction layers, where overview-
links transform low-level XAI evidence into higher-level summaries
and detail-links preserve access to inspectable evidence. Through
a misinformation-support proof of concept, we examined how
model scale, feature grounding, latency, and validation affect such
a pipeline. The findings show that abstraction layers differ in their
model requirements, that semantically meaningful features im-
prove explanation quality while introducing risks of interpretation
bias, and that validation signals can guide targeted refinement. By
linking actionable summaries to inspectable evidence, XSP sup-
ports both rapid orientation and deeper verification in human–AI
decision-making. XSP therefore contributes a design abstraction
for constructing explainability as a navigable representation space,
while user-facing effects and generalization to more complex do-
mains remain important directions for future work.
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