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Abstract

Post-hoc explainable artificial intelligence is often provided as a product, typically in the
form of static explanation such as a feature-importance ranking or a local surrogate ex-
planation. In contrast, real-world decision workflows demand explanation as a process,
characterized by interactivity in which users explore the decision output with what-
if questions to develop understanding and trust. Existing explainers are often static,
and their output is sensitive to how local samples around the instance are selected.
Although rule-based local surrogates can expose feature interactions, user edits often
require repeated resampling and retraining, limiting their usability for real-time what-if
analysis. To address these gaps, we introduce BARBIE, a model-agnostic framework
for instance-level explanation that integrates an association-rule surrogate with an in-
teractive interface. For a given query instance, BARBIE constructs an instance-centered
neighborhood, queries the black-box model for labels, and trains a compact association-
rule surrogate. Explanations are provided only when the surrogate output matches the
black-box decision for the query instance. BARBIE presents IF-THEN rules with sup-
port, confidence, and a p-value from Fisher’s exact test. In addition, BARBIiE computes
rule-grounded, signed feature importance by aggregating instance-aware contributions
from the rule base. Importantly, BARBIE supports quick what-if analysis without re-
samples and retraining the surrogate model. Across four tabular datasets and a user
study, we evaluated BARBIE against LIME, SHAP, and BARBE using user ratings
of informativeness, understandability, trustworthiness, and satisfaction. Across tasks,
BARBIE consistently received higher ratings than the baselines, providing supports that
process-centric interactive explanations improve informativeness and understandability
and contribute to higher trust and user satisfaction.
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1. Introduction

Machine learning (ML) models are increasingly being deployed to support decision-
making in critical domains, including finance, healthcare, and public services [1|. In such
settings, predictive accuracy is insufficient; stakeholders want to understand why a model
produced a particular outcome to assess reliability, ensure accountability, and build trust.
Nevertheless, many high-performing models operate as black boxes, restricting transparency
and human understanding [2-4]. Post-hoc eXplainable Artificial Intelligence (XAI) meth-
ods aim to explain black-box model behavior without requiring access to or modification of
the model’s internal structure [5]. Existing approaches, such as Local Interpretable Model-
agnostic Explanations (LIME) and SHapley Additive exPlanations (SHAP) attribute pre-
dictions to input features through local surrogate modeling or Shapley-value approxima-
tions [6-8]. Although these methods effectively highlight influential features, they are often
presented as static explanation products: a fixed explanation for a single input, with outputs
that can vary depending on how local samples are generated and which reference sample
data are chosen [9].

Recent research work identifies a deeper conceptual mismatch: the explanation is often
presented as a product rather than an ongoing process [10-13]. As a result, many tools
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produce explanations that seem interpretable at first glance but do not support user in-
teraction. In practice, decision-makers rarely stop at a single question such as “Why this
prediction?” Instead, they engage in an iterative inquiry process, probing the model with
what-if questions such as “What if this feature changed?” or “What conditions are driving
this outcome?” Each response helps them improve their understanding and trust. Methods
that do not support this interactive back-and-forth may therefore struggle to foster trust
and understanding, even when the explanation itself is faithful [14, 15].

Rule-based explanations align with human decision logic by expressing local behavior
through human-readable IF-THEN statements which can naturally capture feature in-
teractions [16-19]. Local rule-based explainers, such as LOcal Rule-based Explanations
(LORE) [6], and association-rule surrogates, such as Black-box Association Rule-Based Ex-
planations (BARBE) [20], induce rule sets from locally sampled data labeled with black-box.
These methods improve interpretability by proving structured rules, but treat the expla-
nation as a fized output rather than an interactive workflow. Explanations are generated
for one fixed input, and user edits typically require regenerating the samples and retraining
the surrogate. This slows interactive exploration and scenario testing, which are crucial
for improving user trust and satisfaction. Interactive XAI incorporates user-driven what-if
edits, enabling users to explore model behavior [21, 22]. Previous systems often highlight
visualizations, feature scores, or counterfactuals, but few provide interactive rule-based ex-
planations.

This paper introduces Black-box Association Rule-Based Interactive Explana-
tions (BARBIE), a model-agnostic framework that generates compact IF-THEN rules
and supports user-driven what-if analysis through an interactive interface. BARBIE con-
structs an instance-centered local neighborhood, labels it using the pretrained black-box
model, and trains an associative classifier using SigD2 [23] to generate a compact set of
IF-THEN rules with support, confidence, and a p-value from Fisher’s exact test. In ad-
dition, it enforces an instance-level fidelity gate that returns explanations only when the
surrogate matches the black-box decision. Notably, BARBIE enables fast what-if analysis
without retraining by reusing the learned rule set and updating explanations through rule
applicability checks.

BARBIE is evaluated on four tabular datasets (Loan Approval, Iris, Glass, and Wine)
and compared against LIME, SHAP, and BARBE in a controlled user study (n=34) guided
by the DARPA XAI evaluation principles [24]. Participants rated each method on a 5-
point Likert scale in four dimensions: informativeness, understandability, trustworthiness,
and satisfaction. BARBIE received higher ratings than all baselines in these dimensions,
supporting the claim that interactive explanations improve perceived informativeness and
understandability while increasing trust and satisfaction. The contributions of this paper
are as follows:

e We extend BARBE into BARBIE, a model-agnostic interactive explanation frame-
work for tabular classifiers and what-if analysis.

e We introduce an instance-level fidelity gate that returns explanations only when the
surrogate matches the black-box decision on the query instance.

e We show that BARBIE improves perceived informativeness, understandability, trust-
worthiness, and satisfaction relative to LIME, SHAP, and BARBE.

2. Methodology
Given a trained black-box model f : R?— [0,1] and a query instance x € R, BARBIE

builds a compact association-rule surrogate around x. In addition, BARBIE enforces an
instance-level fidelity check, and supports rapid what-if exploration without new training.
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Figure 1. BARBIE pipeline: For a query instance, neighborhood generation and labels,
train surrogate model, then generate, selects and returns ranked IF-THEN rules, with
feature importance to produces explanations for an instance.

Figure 1 illustrates the BARBIE pipeline: input query, neighborhood generation and la-
beling, train surrogate model, generate rule, select, and return ranked rules with feature
importance.

2.1. Data Preparation and Discretization

The efficacy of BARBIE, particularly in generating rule-based explanations, is highly
dependent on how data features are handled. BARBIE begins with dataset preparation,
executed once per dataset to ensure consistent encodings. Features are partitioned into
categorical and numeric types. Numeric features are discretized into a small number of
intervals, and categorical features are encoded using one-hot encoding.

2.2. Neighborhood Generation

To explain the prediction f(x), BARBIE constructs a synthetic neighborhood N around

the query instance x. Perturbations are sampled in the encoded feature space using distribution-
aware generators. By default, samples are drawn from a multivariate normal distribution,
z; ~ N(x,X), X is the feature covariance. Each perturbed point z; is labeled using the
black-box model, yielding a locally labeled dataset {(z;, f(z;))}, used to train the inter-
pretable surrogate. Unlike prior work that uses independent Gaussian perturbations, BAR-
BiE samples from a multivariate normal distribution so correlated features are perturbed
jointly, producing more realistic neighborhoods and higher-quality surrogates [25].



2.3. Interpretable Surrogate Learning

BARBIE trains an interpretable surrogate model g : R? — [0,1] to the locally labeled
neighborhood using S1GD2 [23], a statistically significant associative classifier that incor-
porates two-stage pruning. Compare with SIGDIRECT [26], SIGD2 uses two-stage pruning
to remove redundant, low-utility rules, producing a more compact and readable local ex-
planation set. SigD2 surrogate generates IF-THEN rules r : A — y, where A is a set of
discretized feature conditions and y is the predicted class label. Rules are annotated with
support supp(r), confidence conf(r), and a bounded significance score derived from Fisher’s
exact test. Conservative thresholds on rule length, support, and confidence keep the rule
set compact [16]. Two-stage pruning eliminates redundant and low-utility rules, yielding
a compact, interpretable local rule base. In contrast to generic trees or linear surrogates,
SicD2 provide a compact and readable rule set that approximates the behavior of f in the
vicinity of x.

2.4. Local Fidelity Gate

To ensure a minimum threshold of faithfulness, BARBIE introduces a local fidelity gate
to quantify how well the surrogate g(x) match f(x) within a local context. A mismatch
(9(x) # f(x)) indicates that the surrogate has not accurately captured the local decision
boundary relevant to x. If the check fails, BARBIE resamples the neighborhood and retrains
the surrogate up to a bounded number of attempts. Only when the fidelity gate satisfies the
check (g(x) = f(x)), BARBIE finalizes the current surrogate: rules are ranked and decoded,
applicable rules are selected, and feature attributions are computed and returned to the user.
This mechanism prevents unfaithful explanations from being displayed and ensures that the
extracted rules and attributions reflect the black-box decision for the specific instance under
analysis.

2.5. Rule Extraction and Feature Importance

Once fidelity is confirmed (g(x) = f(x)), BARBIE extracts the local rule base R, returns
the all rule set for context, and selects the subset R(x) C R satisfied by x. Rules are decoded
into human-readable predicates and ranked by agreement with f(x), then by confidence,
support, and p-value. BARBIE derives per-instance feature importance directly from the
surrogate’s rule base. For each feature, BARBIE aggregates signed evidence from all rules
that include the feature. Each feature contribution is weighted by rule quality (support,
confidence, p-value) and by the degree to which the rule is satisfied by x. rule weight
s(r) = supp(r) - conf(r)-¢(r), BARBIiE computes per-instance signed importance for feature
j by aggregating contributions across rules that contains feature j and then applies ¢;
normalization. A feature is important when it included in high-quality rules (high support,
confidence, and p-value) that are largely satisfied by x and whose labels align with the
predicted class. Signed scores are positive when the consequent label of a rule aligns with
the predicted class, and negative otherwise.

3. Results and Discussion

Our evaluation centers on explanation as an interactive what-if process, addressing a
key gap in interpretability: whether an explainer supports interactive inquiry to improve
user understanding, trust and satisfaction rather than a single static output. We evaluate
BARBIE on four widely used tabular datasets containing numeric and categorical attributes:
the Loan Approval dataset [27], and the Iris, Glass, and Wine datasets from the UCI Ma-
chine Learning Repository [28]. We compare BARBIE against LIME, SHAP, and BARBE



through a controlled user study measuring user-rated informativeness, understandability,
trustworthiness, and satisfaction.

3.1. User Study Results

To assess human-centered outcomes, we conducted a controlled user study aligned with
DARPA XAI evaluation guidance [24], evaluating explanations using user-rated informa-
tiveness, understandability, trustworthiness, and satisfaction. This user study tests not
only whether participants found the explanation outputs useful, but also whether interac-
tive (what-if edits) improves informativeness, understandability, trustworthiness, and sat-
isfaction. A total of 34 participants completed the study, with ages ranging from 18 to
50 (mean = 26.02, SD = 6.42); 46% identified as female. Participants reported mixed fa-
miliarity with machine learning (60% “very familiar”, 30% “somewhat familiar” or “neutral”).

Participants compared BARBIE against LIME, SHAP, and BARBE using anonymous,
within-task evaluations. Participants evaluated explanations using four research questions
(5-point Likert scale) across four dimensions: Informativeness, Understandability, Trustwor-
thiness, and Satisfaction. Four research questions as follows :

¢ RQ1 (Informativeness): Are the rankings or rules provided by association rule-
based methods effective in conveying useful information to users?

e RQ2 (Understandability): Does allowing users to interact with systems and
modify input features enhance their understanding and trust in the Al system?

e RQ3 (Trustworthiness): Do association rule-based explanations help users trust
the AI system more than existing post-hoc methods?

e RQ4 (Satisfaction): Does interactivity (rule visualization + what-if analysis)
improve user satisfaction relative to static feature-importance explanations?

For each task, participants inspected the explanation for a prediction and then provided
Likert ratings. Participants evaluated the model’s explanations for each prediction before
providing their responses on a Likert scale. Figure 2 shows the distribution of participant
responses across the four evaluation dimensions—Informativeness, Understandability, Trust-
worthiness and Satisfaction. Table 1 provides a statistical summary of the user feedback,
reporting the mean and standard deviation (M+SD) for each research question.

BARBIE received strong positive ratings on RQ1 (Informativeness), with a mean
score of 4.07 £ 0.68. The distribution in Figure 2 shows that most responses were positive:
56% “Agree” and 26% “Strongly Agree” (82% total). This suggests that participants found
BARBIE’s displayed rule conditions and rule-grounded attributions to be informative and
sufficient for understanding the basis of the model’s decision.

For RQ2 (Understandability), BARBIE achieved 3.74 £ 0.66, with 63% “Agree” and
7% “Strongly Agree” (70% total positive). While 26% selected “Neutral” and 4% “Disagree”,
the overall pattern indicates that most users could follow the explanation logic and, impor-
tantly, benefited from being able to probe the decision through what-if edits—consistent
with Watson’s [10] claim that interpretability must support interactive inquiry rather than
only static outputs.

On RQ3 (Trustworthiness), BARBIE also achieved 3.74 4+ 0.76. A majority of par-
ticipants reported trust-positive responses (48% “Agree”, 15% “Strongly Agree”; 63% total
positive). The remaining 33% “Neutral” and 1% “Disagree” highlight a common reality in
applied XAI: trust calibration is gradual and depends on repeated exposure and domain
context. Nevertheless, the overall trend supports the argument that an interactive rule
substrate helps users assess whether model behavior is stable under plausible changes.

Finally, RQ4 (Satisfaction) was notably high (4.00 +0.78), with 41% “Agree” and 30%
“Strongly Agree” (71% total positive). This suggests that participants valued the overall



User feedback on BARBIE: stacked 5-point Likert distributions for Q1-Q4

Response level

mmm Strongly Disagree
RQ4 o wem Disagree
Neutral
mmm Agree
mmm Strongly Agree
RQ3 33%
- - _
- b _
0 20 40 60 80 100

Responses (%)

Figure 2. User feedback on BARBIE: stacked 5-point Likert distributions for RQ1-RQ4
(Informativeness, Understandability, Trustworthiness, Satisfaction). Each bar shows the
percentage selecting Strongly Disagree — Strongly Agree.

Table 1. User study results (meantsd, 5-point Likert scale).

Method Info Understand Trust Satisfaction
LIME 3.6+£0.5 3.3+0.2 3.240.5 3.4+0.3
SHAP 3.7+0.4 3.4+0.3 3.3+0.4 3.5+0.4
BARBE 3.8+0.5 3.5+0.4 3.54+0.1 3.840.3

BARBIE 4.07+0.68 3.74+0.66 3.74+0.76 4.00£0.78

experience of using BARBIE as an exploratory tool—i.e., not just reading an explanation,
but working with it to test scenarios and understand decision conditions.

As shown in Table 1, BARBIE achieves the highest mean ratings across all four dimen-
sions. Participants rated BARBIE as more informative, easier to understand, more trust-
worthy, and more satisfying than existing feature-importance-based explainers and static
rule-based baselines. These results suggest that showing compact IF-THEN rules with
interactive what-if capabilities improves users’ understanding of model logic and trust.

3.2. Statistical Significance

To compare BARBIE with each baseline, we use paired one-sided t-tests because the study
follows a within-subject design (each participant rated BARBIE and the same baseline meth-
ods). For each participant 4, we compute paired differences d; = s;(BARBIE) — s;(baseline)
and test Hy : E[d] < 0 against H; : E[d] > 0. To control the family-wise error rate across
the multiple baseline comparisons within each dimension, we apply the Holm—Bonferroni
correction [29] with oo = 0.05.

As shown in Table 2, BARBIE significantly outperformed the industry-standard base-
lines (LIME and SHAP) on all four research questions. The largest gains were observed for
Satisfaction: BARBIE achieved a mean score of M = 4.00 and showed a highly significant
improvement over both LIME (t = 4.65, paq; < 0.05) and SHAP (t = 4.23, paq; < 0.05). For
Informativeness, BARBIE was the only method with a mean above 4.0 and it also signifi-
cantly outperformed BARBE (pqq; = 0.048). BARBIE further achieved higher mean scores



than BARBE for Understandability (M = 3.74 vs. 3.50) and Trustworthiness (M = 3.74
vs. 3.50), but these differences are not significant. Overall, the results indicate a consistent
trend toward improved user experience with BARBIE.

Table 2. Paired t-test results comparing BARBIE to baselines across four research ques-
tions. P-values are one-tailed and adjusted using the Holm-Bonferroni method.

Question Baseline Mean Diff t-stat Padj Sig.
RQ1: Info LIME 0.63 4.76 < 0.01 Hk
SHAP 0.22 2.28 < 0.05 *
BARBE 0.26 1.76 < 0.05 *
RQ2: Understand LIME 0.52 4.19 < 0.01 Hk
SHAP 0.41 3.70 < 0.05 *
BARBE 0.26 1.66 > 0.05 ns
RQ3: Trust LIME 0.59 4.84 < 0.01 **
SHAP 0.44 4.00 < 0.01 Hok
BARBE 0.33 1.80 > 0.05 ns
RQ4: Satisfaction LIME 0.52 4.65 < 0.01 Hok
SHAP 0.41 4.23 < 0.01 **
BARBE 0.30 1.69 > 0.05 ns

Note: * p < .05, **p < .01, ns: not significant.

4. Discussion

BARBIE distinguishes itself from prior rule-based explainers by bridging the gap between
static explanation and the iterative “process” of human reasoning. This is achieved through
two primary innovations: interactivity and an improved surrogate model.

User input instance x for a loan A standard BARBIE explanation for instance x with a ‘Declined’ prediction
application from loan approval data
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Figure 3. A BARBIE explanation for an instance with a Declined prediction, showing
the dominant rule conditions.

Firstly, BARBIE supports interactive what-if analysis by updating rule applicability and
feature importance without retraining the black-box model or the surrogate. This enables
users to iteratively explore how changes to input features affect both predictions and ex-
planations. Figure 3 illustrates BARBiE’s core capability: supporting explanation as an
interactive process. For an applicant instance initially predicted Declined, BARBIE presents



a set of applicable IF-THEN rules. These rules, backed by support, confidence and p-value,
reveal that the primary reason for the “Decline” decision is a Credit_History that fails to
meet guidelines. To support “what-if” process, BARBIE allow feature modifications—such
as updating Credit_History to meet guidelines. BARBIiE immediately updates the expla-
nation: the old rule is removed and new rules is presented as applicable rules supporting
an Approved prediction (Figure 4). BARBIE select the new applicable rules from all rules
without retraining the surrogate model. This interaction is precisely the kind of inquiry
loop emphasized by Watson [10]: users do not trust a static explanation; they test the deci-
sion output by proposing changes and observing whether the resulting explanation remains
consistent and reasonable under new conditions.

User modified the credit history in A “what-if" analysis where the user change to their Credit History, which results in a
instance X to see the outcome new ‘Approved’ prediction and corresponding explanation.
Infpt-— e e mporanc:
Gender Male Rule Support Confidence Value) I {42 supports predicton]
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Figure 4. A what-if analysis where modifying Credit_History results in an Approved
prediction and an updated rule-based explanation.

Secondly, Interactive explanations can be persuasive even when they are not faithful.
BARBIE mitigates this risk with an instance-level fidelity gate that returns explanations
only when the surrogate matches the black-box decision in the query instance. This pro-
vides a safety constraint on the process: users do not iterate on an explanation substrate
that already disagrees with the model at the starting point. Furthermore, while BARBE
introduced SigDirect, an association rules based surrogate model, it often suffered from
redundancy and high cognitive load. In contrast, BARBiE’s transition to the SigD2 surro-
gate with a two-stage pruning strategy prioritizes concise, non-redundant IF-THEN rules
[23]. Furthermore, unlike rule based method LORE, BARBIE provides rigorous statistical
metrics—including support, confidence, and p-values—ensuring that the insights provided
are not only readable but statistically significant.

5. Conclusion

This paper presented BARBIE, a model-agnostic framework for explaining black-box
predictions on tabular data via interactive, rule-based explanations. Motivated by product
vs. process critique, BARBIE treats interpretability as an interactive workflow rather than
a fixed output. For a given query instance, it generates a compact local rule set with Si¢D2
and two-stage pruning, filters unreliable explanations using an instance-level fidelity gate,
and support what-if analysis. Empirically, BARBIiE produced concise IF-THEN rules that
make conditional logic and feature interactions explicit. In a controlled user study, BARBIE
achieved the highest mean ratings on informativeness, understandability, trustworthiness,



and satisfaction relative to LIME, SHAP, and BARBE. Paired one-sided tests further indi-
cate that BARBIE provides a measurable informativeness advantage over attribution-based
explanation products, consistent with the claim that process support is a key missing com-
ponent in deployed XAI
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