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Abstract
Model-Centric Explainable AI (XAI) techniques are most commonly used, although they typically do not focus on how useful,
meaningful, or actionable the explanations are for humans. In this paper, we argue that this model-centric paradigm is insuffi-
cient for building trustworthy AI systems, particularly in high-stakes domains where human decision-makers must interpret and
validate AI recommendations. We propose a shift toward human-centred XAI through an interactive visual analytics workflow
and interface that integrate rule-based explanations with feature attribution methods, allowing users to dynamically explore
and compare multiple explanation techniques side by side. By making agreements and contradictions between methods visible
and explorable, the interface allows domain experts to identify inconsistencies and validate model behaviour against their own
knowledge, and helps model developers assess which explanations to trust under which conditions. We illustrate this approach
through a case study on fishing vessel movement classification, where the hybrid visualisation reveals discrepancies between
the rule-based explanation, TreeSHAP, KernelSHAP, and LIME that would remain hidden when using any single method in
isolation. This conceptually demonstrates the value of interactive visualisation as a bridge between model-centric explanations
and human-centred understanding.

1. Introduction

Traditional explainable AI (XAI) methods are generally
model-centric, where they seek to describe how a model ar-
rives at its predictions regardless of whether the explanations are
meaningful, trustworthy, or usable for humans. XAI methods are
generally evaluated based on technical metrics such as faithfulness,
robustness, and computational efficiency. While these properties
are important, they are not sufficient. An explanation can be
faithful to a flawed model, stable yet uninformative, and compu-
tationally efficient while still being of minimal utility to the end
user [PSGH∗21, LGM20]. We argue that this model-centric way
of explaining is insufficient for building trustworthy AI systems,
particularly in high-stakes domains where human decision-makers
must understand and validate AI recommendations. Hence, there
should be a shift toward human-centred XAI that prioritises
alignment with human reasoning and domain knowledge over
merely explaining model behaviour.

It is also known that explanation techniques rarely fully agree

† This work was supported by Federal Ministry of Education and Research
of Germany and the state of North-Rhine Westphalia as part of the Lamarr
Institute for Machine Learning and Artificial Intelligence

with each other, and each technique has own strengths and limi-
tations. For example, feature attribution methods, such as SHAP
(SHapeley Additive exPlanations) [LL17] or LIME (Local Inter-
pretable Model-agnostic Explanations) [RSG16], are very popular
due to their advantage of being model-agnostic and suitable for
high-dimensional data. However, they may not align well with hu-
man logic and are known to be unstable, raising concerns about
consistency and trust in the explanations. Rule-based methods, on
the other hand, explain model decisions using logical if-then rules
and are often perceived as more intuitive and better aligned with
human reasoning. However, they can struggle to scale effectively
and are hence not easy to use for most real-world applications. Hy-
brid approaches that bring together different explanation methods
can highlight discrepancies between them and show where model
behaviour diverges from domain expectations or where explanation
methods fail to faithfully represent model logic. Furthermore, with
recent trends showing visualisation as a popular means of improv-
ing explanations [CKK24], we aim to explore whether combining
different XAI techniques can leverage their complementary ben-
efits to provide explanations that are more meaningful and better
aligned with human mental models.

This paper introduces a hybrid, human-centred workflow that in-
tegrates rule-based and attribution-based explanations within a vi-
sual analytics workflow. Starting from a rule-based machine learn-
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ing model (a random forest), we extract decision rules and com-
pute feature attributions using multiple methods (TreeSHAP, Ker-
nelSHAP, and LIME). These explanations are then brought to-
gether in a rule–attribution visualisation that allows users to com-
pare explanations and see where methods agree, where they con-
tradict each other, and how these patterns relate to domain knowl-
edge. We demonstrate the workflow on a real-world case study of
fishing vessel movement classification and show how the integrated
visualisation helps domain experts identify inconsistencies, assess
which explanations are more trustworthy under which conditions,
and refine both data and models accordingly. Ultimately, the goal
is to support a continuous feedback loop in which human insight
informs interpretation of model behaviour and guides iterative im-
provement of the models themselves.

2. Related Work

2.1. Limitations of Model-Centric XAI

Model-centric XAI typically reports which features influence a
model’s prediction, but it may not be clear to users how they can
act on this information. There is now a growing recognition that
the effectiveness and benefit of an explanation depend on the per-
son receiving it [HMKL23].

For tabular data, two commonly used explanation approaches are
feature attribution and rule-based explanations. Feature attribution
methods compute importance scores expressing the contribution
of each feature to the model’s prediction. Rule-based approaches
present a combination of logical conditions that must be satisfied
for a specific outcome to occur [BGG∗23]. Rule-based models are
regarded as intuitive and interpretable [GR19]; however, they do
not scale effectively, and rules with many conditions can be diffi-
cult to read and understand.

Feature attribution methods remain among the most widely
adopted explanation strategies. SHAP (SHapley Additive exPlana-
tions) is a popular method that estimates feature importance us-
ing Shapley values, a concept derived from cooperative game the-
ory [LL17]. Similarly, LIME (Local Interpretable Model-Agnostic
Explanations) computes feature importance by perturbing input
data and fitting a local surrogate model to approximate the be-
haviour of the original model in the vicinity of the instance being
explained [RSG16]. Although both SHAP and LIME provide valu-
able insights into model behaviour, their explanations can be diffi-
cult for users to interpret, as they may not align well with human
mental models. Furthermore, they have been shown to be unstable:
similar instances can produce very different explanations, motivat-
ing the need to cross-check and validate explanations from such
techniques.

Several factors are important for building trust in explanations,
including scalability, human-alignment, stability, and actionability.
Scalability means that a method remains useful even when the data
or model size becomes large. Human-alignment refers to the ex-
tent to which humans agree with the reasons models provide for
their predictions [LWH∗22]. It may be crucial for fostering trust
and user acceptance of these systems [MFP∗23]. Stability requires
that similar inputs receive similar explanations [LZED25]. Ac-
tionability means that an explanation tells the user what concrete

changes can be taken to achieve a different prediction or outcome.
With all these aspects in mind, we primarily focus our work on
human-alignment, analysing stability across explainers, and sup-
porting feedback-driven refinement.

2.2. Visual Analytics for human-aligned explanations

The increasing complexity of ML models has motivated the devel-
opment of visual analytics tools that support interpretation and ex-
ploration of model structure and behaviour [AAAW22, MCLM24,
MJEP∗21]. Most existing systems focus on helping users inspect
models, understand their internal workings, and assess perfor-
mance, rather than explicitly providing user-facing explanations.
While visual analytics as such has inherent potential to mediate be-
tween human reasoning and model behaviour, its use for construct-
ing and communicating explanations remains relatively underex-
plored.

Several rule-based explanation methods use visualisation to fa-
cilitate understanding of model behaviour. For instance, RuleMa-
trix extracts decision rules and organises them into a structured
matrix format, enabling interactive exploration of feature relation-
ships and their influence on rule outcomes [MQB18]. Similarly,
iForest supports interactive analysis of random forest models by
visualizing decision paths and predictions [ZWLC18]. Explainable
Matrix represents extracted rules using a matrix-based visualisa-
tion framework [NP21], and VisRuler allows for decision rules to
be explored interactively by inspecting the model using various
views [CMK23].

Although many visualisation and explanation methods have been
proposed, few focus on comparing different methods. Visagree-
ment [SGB∗25] provides an interactive visual interface to evalu-
ate how explanations disagree with each other, but it focuses on
local feature attribution methods alone. Other systems, such as Ex-
plainExplore [CvW20] and GALE [XCD∗22], also allow users to
explore and compare explanations but again concentrate on local
attribution-based exploration.

Current research in human-centred XAI and visual analytics
highlights the need not only for accurate explanations but also
for their presentation in forms that support human understand-
ing, reasoning, exploration, and decision-making. Previous work
has shown that incorporating domain knowledge into model de-
velopment and explanation generation helps improve human align-
ment [CKR∗25]. Building on this perspective, our work introduces
a hybrid workflow and interface that integrate rule-based represen-
tations, feature attribution methods, and visual analytics to obtain
useful insights for feedback-driven refinement of data and models.

3. Workflow

The proposed workflow is shown in Fig. 1. It is designed to sup-
port: (i) comparing multiple explanation methods, (ii) identifying
regions of agreement and contradiction, and (iii) relating these pat-
terns to domain knowledge to guide refinement. The workflow con-
sists of six steps summarised below:

Step 1: Train an ML model with a rule representation. The
analysis starts by training a predictive model whose decision logic

© 2026 The Authors.
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Figure 1: Workflow for exploration and cross-checking of different XAI methods.

can be expressed as a set of rules. This may be a model that is in-
herently tree- or rule-based (e.g., decision trees, random forests),
or a surrogate model mimicking the behaviour of a more complex
model. Here we focus on a random forest classifier, a widely used
algorithm known to perform well in practice. Random forests are
also particularly difficult to understand due to their ensemble na-
ture, which makes them a suitable test case for our workflow, while
their tree-based structure facilitates rule extraction and enables the
use of TreeSHAP as a model-specific attribution method.

Step 2: Extract rules from the model: Once the model has been
trained, rules are extracted by traversing every branch of each tree
and recording the sequence of feature conditions and associated
class predictions at each leaf. This produces a large initial set of
rules that collectively describe the model’s decision logic. Rules are
pruned to remove redundancies and contradictions and aggregated
into a concise representation of model logic.

Step 3: Compute feature attributions: In parallel to the rule
extraction, feature attribution values are also computed. The inter-
face allows for multiple methods to be used simultaneously. Al-
though any attribution method can be used in principle, our case
study involves TreeSHAP [LEC∗20], which computes the exact
SHAP values by exploiting the tree structure of the model, Ker-
nelSHAP [LL17], which works by estimating SHAP values model-
agnostically, and LIME [RSG16], which approximates local model
behaviour by fitting a linear surrogate to perturbed samples in the
neighbourhood of each instance. Each of these methods produces
a signed attribution score for every feature, which indicates the di-
rection and magnitude of that feature’s contribution to a given class
prediction.

Step 4: Integrate and visualise rules and attributions:
The rules and feature attributions are brought together in the
rule–attribution visualisation. This hybrid interactive view allows
users to compare attribution-based explanations with both the rule-
based explanations and with other attribution-based methods. Key

components of this visualisation, shown in Fig. 1, include the y-axis
of each subplot, which lists the different features, and the x-axis,
where feature values are discretised into a user-defined number of
bins (10 in our case). This enables users to see how the impact of a
feature on the class prediction changes as the feature value changes.

The colour scale of the heatmaps represents the weighted attribu-
tion scores. A diverging colour scale is used, where red indicates a
positive contribution (the feature value in that bin pushes the model
towards predicting that class) and blue indicates a negative contri-
bution (the feature value pushes the model away from that class);
darker shades indicate stronger effects. The size of the squares in-
side each bin represents the rule count extracted from the rule-based
classifier. Larger squares indicate that more rules fall into that fea-
ture bin and thus that this feature value is more frequently used
in rules predicting that class. Hence, where there is alignment be-
tween the rule-based and attribution-based methods, larger squares
tend to correspond to strongly positive attributions (dark red bins).
The grey bars on the side represent the total number of distinct rules
present for a given feature and class. Up to three attribution tech-
niques of the user’s choice can be visualised side by side for direct
comparison.

Step 5: Identify contradictions through interaction: Where
rules and feature attributions align, the large squares (rules) coin-
cide with dark red bins, indicating that many rules and high positive
attributions support the same feature ranges and classes. Where the
explanations conflict, this pattern breaks down, for example when
dark red bins contain only small squares, or when large squares
appear in blue (negatively attributed) bins. The user can toggle be-
tween different explanation methods as well as different bin divi-
sions to systematically explore and locate such contradictions.

Step 6: Resolve contradictions with domain knowledge and
generalise: The contradictions identified in the previous step can
then be investigated using domain knowledge to judge which ex-
planations are plausible and, where necessary, make decisions to
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refine data, rules, or the choice of explainer. From these investiga-
tions, users can derive generalisations that flag the conditions under
which the model explanations work well and the conditions under
which they are unreliable, providing guidance for future analysis
and model refinement.

4. Recognition of Vessel Movement Patterns

As a case study, we focus on identifying movement patterns of fish-
ing vessels. The model takes as input numerical attributes that char-
acterise segments of vessel trajectories. The training data used for
model development were prepared as described in [AAA∗24]. The
model is designed to classify vessel behaviour into four movement
categories: Forward movement (class 1), Trawling (class 2), Port
entry/exit (class 3), and Anchoring (class 4). It relies on nine fea-
tures describing vessel speed characteristics, trajectory shape, and
proximity to ports. Features with highly skewed distributions in the
training data were transformed using a logarithmic scale.

Speed statistics: SpeedMinimum, SpeedQ1, SpeedMe-
dian, SpeedQ3. These features capture the distribution of vessel
speed, ranging from the minimum observed speed to the quartile-
based spread.

Log10Curvature: The logarithm of the curvature of the time
series representing the vessel’s distance from its starting point. Cur-
vature is calculated as the ratio of the sum of absolute consecutive
changes in the time series to the amplitude of the values. Values
close to 1 indicate nearly straight motion, whereas higher values
reflect more frequent turning.

DistStartTrendAngle: The angle of the linear trend fitted
to the time series of the vessel’s distance from its starting location.
Larger angles indicate stronger movement away from the starting
point, while smaller angles suggest slower movement or a return
toward the origin.

Log10DistStartTrendDevAmplitude: The logarithm
of the amplitude of deviations from the trend line of the distance
from the starting point. This measure captures trajectory tortuos-
ity, indicating the extent to which the vessel’s path deviates from
a straight-line trend. Higher values correspond to more irregular or
zigzag motion.

Port proximity: MaxDistPort, Log10MinDistPort.
These features represent the maximum and log-transformed min-
imum distances to the nearest port and are useful for identifying
anchoring behaviour and port-related manoeuvrers.

The features Log10Curvature and
Log10DistStartTrendDevAmplitude together char-
acterise the complexity of a trajectory segment. While
Log10Curvature reflects global movement patterns, tra-
jectory tortuosity captures local variations such as zigzagging.
Combined, these measures help differentiate between steady
outward motion, looping behaviour, and localised manoeuvring.

The overall accuracy of the trained random forest model was
0.97. The random forest model used consists of 100 decision trees
where each was trained on a bootstrapped sample of the training
data. Once the rules had been extracted and cleaned, there was a
total of 9515 rules that were used for further analysis.

4.1. Interactive Exploration

Three attribution methods; TreeSHAP, KernelSHAP, and LIME
were used to evaluate the explanations along with the explana-
tions from the extracted rules (Fig. 2). Overall, the methods show
good alignment across most features and classes, particularly where
feature attributions are stronger in magnitude. In these regions,
all techniques assign predominantly positive attributions to simi-
lar features, and the rule counts (square sizes) show corresponding
increases, indicating that both the attribution-based and rule-based
methods identify the same decision boundaries. This convergence
is most evident for the speed features in all classes. For example,
to predict Class 1 (Forward Movement), higher values of Speed-
Minimum, SpeedQ1, SpeedMedian, and SpeedQ3 are con-
sistently flagged as positive predictors in all methods, with larger
squares and red shading appearing together in the higher feature
bins. This gives a high degree of confidence that vessel speed is
a robust and reliable indicator of forward movement, and one that
aligns naturally with domain expectations.

However, there are also contradictions, particularly where the
feature attribution magnitudes are smaller. For example, TreeSHAP
shows strong negative attributions (blue shading) for certain fea-
tures while LIME assigns positive or neutral values to those same
features. This discrepancy is particularly evident in the lower fea-
ture rows where the attribution strengths are smaller. An example
of this contradiction occurs in the Log10Curvature feature for
Class 1. TreeSHAP suggests that low values of this feature neg-
atively influence the Forward Movement prediction, while Ker-
nelSHAP, LIME and the rule-based extractor indicate the opposite
showing that low curvature is a positive indicator of forward move-
ment. The interactive visualisation makes this contradiction imme-
diately apparent, allowing the user to cross-reference it with do-
main knowledge. In practice, a vessel moving forward in a straight
path would be expected to have low curvature, so the majority of
explanations are more consistent with physical reality. This sug-
gests that in this instance, TreeSHAP’s globally computed SHAP
values may be capturing a complex interaction effect that does not
reflect the intuitive interpretation of the feature, highlighting the
risk of relying on any single explanation method without cross-
validation.

These contradictions likely stem from fundamental differences
in methodology: TreeSHAP computes exact SHAP values based
on the tree structure itself, while LIME approximates the model lo-
cally using linear surrogates. When the decision boundary is highly
non-linear or involves complex feature interactions (as suggested
by varying rule counts), LIME’s local linear approximation may
diverge significantly from TreeSHAP’s global game-theoretic ap-
proach. The varying square sizes also suggest that in regions with
many rules (larger squares), the methods have lower agreement, in-
dicating that model complexity in certain feature spaces leads to
explanation instability.

Based on the observations made by comparing the explanation
methods with domain knowledge, some generalisations on where
to trust the explainers and where not to can be made. For example,
where the feature attributions are stronger in magnitude, the meth-
ods seem to agree more. This suggests that when a feature has a
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Figure 2: Hybrid rule–attribution explanation view. Each subplot shows one attribution method (TreeSHAP, KernelSHAP, LIME) as a
heatmap over discretised feature bins (y-axis: features, x-axis: feature bins; colour: attribution value). Square size encodes the number of
rules in each bin, revealing where rule-based and attribution-based explanations agree or diverge; the number of bins can be interactively
adjusted.

dominant and clear cut impact on the prediction, the methods are
more trustworthy.

4.2. Feedback-driven refinement

The exploration in Section 4.1 provides a basis for refining both the
model and its explanations. The visualisation of rules and attribu-
tions flagged explanations inconsistent with domain understanding
of vessel behaviour. These flagged regions become feedback items
that can be acted upon in several ways:

Data- and label-level refinement: Experts can inspect trajec-
tory segments associated with suspicious bins and correct or im-
prove labels.

Rule-level refinement: Where contradictions persist but domain
logic is clear, experts can propose constraints to guide post-hoc rule
pruning/merging or provide soft constraints for model training.

Explainer-level calibration: If a specific explainer systemati-
cally disagrees with both domain knowledge and other methods, its
outputs can be down-weighted or excluded from the hybrid view
for those conditions; conversely, experts may rely more strongly on
particular methods in regions where alignment is consistently high.

The visual analytics component supports this feedback loop by
allowing users to compare before and after states of the model and
explanations and, using the Rule–attribution view, to check whether
contradictions have been mitigated or new inconsistencies have
emerged.

5. Conclusions

In this paper, we argue that relying on a single XAI approach is
insufficient for trustworthy, human-aligned AI systems. To address
this, we introduce a hybrid approach that combines rule-based ex-
planations with feature attribution methods, presented through an
interactive visual analytics interface for unified comparison and
evaluation. A case study on vessel movement pattern recognition
illustrated that where feature influences were strong, explanation
methods converged reliably. Conversely, in cases of subtle or non-
linear interactions, methods diverged, increasing the risk of misin-
terpreting model behaviour. The interactive visualisation approach
provides several practical benefits:

• Agreements and discrepancies between explanation methods are
shown simultaneously, reducing the need for manual analysis.

• Users can drill down into specific features and bins and cross-
reference against domain knowledge.

• Contradictions that would likely go unnoticed in isolation are
made visible and become meaningful points for investigation.

This underscores the importance of integrating interactive visual
analytics into explanation validation processes. Future work will
expand the approach to additional domains and develop methods to
automatically flag contradictions for expert review, enhancing the
feedback loop between human insight and visualisation.

© 2026 The Authors.
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