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ABSTRACT
Data provenance is a well-established foundation for transparency
and auditability in data management, yet existing provenance sys-
tems offer little support for connecting lineage information to
downstream model behavior. Conversely, Explainable AI meth-
ods identify influential features and training instances, but treat
the training data as a fixed input, leaving their preprocessing his-
tory unexamined. We present PROXAI, an interactive system that
bridges these two perspectives to support provenance-aware debug-
ging of machine learning pipelines. Starting from anomalous model
behavior, PROXAI uses XAI techniques to identify influential data
elements and follows their lineage through a multi-granular prove-
nance graph, enabling users to trace preprocessing root causes,
inspect transformation logic, and validate corrective actions within
a unified debugging workflow. Our demonstration highlights how
combining XAI and provenance enables end-to-end explanation
and practical debugging of data-centric AI pipelines.
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1 INTRODUCTION
The reliability of machine learning systems depends not only on
model design, but also on the quality and processing history of the
data used for training. While Explainable AI (XAI) has produced
effective methods for interpreting model decisions and identify-
ing influential training instances, these methods typically treat the
training data as a fixed input and provide little insight into how
such instances were generated. Conversely, data provenance has
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long been studied as a foundation for reproducibility, transparency,
and auditability in data processing pipelines [3, 8]. While prove-
nance techniques accurately reconstruct data transformations [7],
they usually stop at the model training boundary, offering limited
support for linking lineage to specific model outcomes. As a result,
when a model exhibits problematic behavior, it remains difficult to
trace that behavior back to the preprocessing steps that introduced
the issue.

These two lines of work are naturally complementary. XAI can
identify which training instances most strongly affect a prediction,
but not why those instances appear in their current form. Fine-
grained provenance, in turn, can explain how data was produced,
but without a targeted entry point, it is often difficult to use effec-
tively for model debugging. Combining these perspectives enables
a more actionable debugging workflow, in which XAI provides the
focus and provenance provides the context needed to localize the
root cause of model failures.

Building on this observation, we present PROXAI (PROvenance
for eXplainable AI), an interactive system for provenance-aware
debugging of machine learning pipelines. Starting from a prob-
lematic prediction or anomalous model behavior, PROXAI uses
influence-based interpretability techniques to identify the training
instances that most affect the prediction and follows their lineage
through a multi-granular provenance graph to recover the trans-
formations that generated them. This allows users to move from
model-level signals to data-level lineage and inspect the operations
that shaped the training data responsible for the observed behavior.
To support this analysis, PROXAI adopts a unified graph-based
representation explicitly connecting data preparation, training in-
stances, and model behavior. The system tracks provenance at
multiple levels of granularity, from datasets to rows and values,
enabling influential training instances to be traced back to the pre-
processing steps that produced them. This design draws on our
earlier work on fine-grained provenance collection [2, 5], but repur-
poses it within a broader framework centered on the interaction
between data lineage and model behavior. PROXAI also supports
interactive exploration of lineage paths, provenance metadata, and
transformation logic, enabling users to inspect the evidence behind
a diagnosis and validate corrective actions within an end-to-end
debugging loop.Thus, the demo shows how anomalous behavior
can be traced back to specific preprocessing operations, turning
model-level signals into pipeline-level explanations.

4706

https://doi.org/10.14778/3827998.3828102
https://github.com/pasqualeleonardolazzaro/PROXAI
https://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:info@vldb.org
https://doi.org/10.14778/3827998.3828102
https://www.acm.org/publications/policies/artifact-review-and-badging-current


This paper makes three contributions. First, it presents an in-
teractive framework that connects prediction-level explanations
with fine-grained data provenance for end-to-end debugging of
ML pipelines. Second, it introduces a multi-granular provenance
workflow that traces influential training instances back to the pre-
processing operations that generated them. Third, it demonstrates,
through a hands-on interactive session, how this integration sup-
ports practical root-cause analysis and corrective validation across
representative debugging scenarios.

2 OVERVIEW OF PROXAI
PROXAI combines influence-based model interpretability and fine-
grained provenance analysis to support provenance-aware debug-
ging of ML pipelines. Its main features are described below.

2.1 XAI-Guided Debugging Entry Points
To connect model behavior with upstream data preparation,
PROXAI integrates an interpretability module that identifies the
data elements most relevant to a prediction. Rather than treating
explanations as an end product, the system uses them as targeted
entry points for provenance analysis. This is achieved through
influence analysis at two complementary levels:
Feature-level analysis. The system uses SHAP (SHapley Additive
exPlanations) [6] to derive a global importance ranking over fea-
tures by aggregating local explanations across a set of predictions.
The top-ranked columns can then be traced through schema-level
provenance across their transformation history.
Instance-level analysis. The system supports instance-wise influ-
ence methods that identify the training samples with the strongest
impact on a given prediction. The current implementation includes
Influence Functions [4] and TracIn [1], returning the top-𝑘 influen-
tial training instances for the current prediction.

The identified features and training instances are mapped to the
provenance graph, thereby focusing the subsequent analysis on the
data elements most relevant to the observed behavior.

2.2 Interactive Provenance Exploration
Once relevant data elements have been identified, PROXAI sup-
ports interactive exploration of their lineage through a graph-based
provenance representation. The graph extends W3C PROV to cap-
ture entities, transformations, and column structures, enabling users
to trace provenance across multiple granularities (from datasets
down to values).

To support inspection and querying, the graph is enriched with
semantic metadata extracted from the pipeline code, including logi-
cal structuring of scripts and concise descriptions of transformation
steps. On top of this representation, PROXAI supports both direct
graph exploration and natural-language interaction. In the latter
case, the system relies on a retrieval-augmented workflow that
combines structured graph querying with hybrid retrieval over
provenance metadata, leveraging both semantic and structural em-
beddings to support flexible access to lineage paths, transformation
logic, and code-level operations.

These capabilities turn the provenance graph into an interactive
debugging substrate rather than a passive lineage log, enabling

users to inspect both structural and semantic evidence behind a
diagnosis.

2.3 Connecting Model Explanations and
Provenance

The key contribution of PROXAI lies in the tight integration of
these two components. Influence-based explanations identify the
training data that matters most for a problematic prediction, while
provenance analysis explains how that data was produced. By using
XAI outputs to guide provenance retrieval, PROXAI concentrates
the analysis on the most relevant subset of entities, attributes, and
transformations.

Without influence-based guidance, provenance analysis is diffi-
cult to use effectively for debugging because of the size and com-
plexity of the graph. Without provenance, explanations remain
incomplete because they do not reveal which preprocessing opera-
tions created the relevant data points. Together, these components
enable an end-to-end explanatory workflow from model-level sig-
nals to pipeline-level root causes and corrective validation.

3 SYSTEM DESCRIPTION
3.1 System Architecture
Figure 1 shows the logical architecture of PROXAI, organized into
four macro-phases: Pipeline Understanding, Execution and Prove-
nance Capture, Direct Analysis, and Natural-Language Analysis.
Beyond identifying the main system components, the numbered
blocks also describe the workflow through which PROXAI sup-
ports end-to-end provenance-aware debugging.

The workflow starts with Script rewriting (➊), where the input
script is annotated, segmented into logical activities, and analyzed
to identify the involved columns. This phase also produces an In-
ternal dictionary, which stores operation descriptions and semantic
metadata that later enrich provenance information. The rewritten
script is then executed in its native Execution environment (➋) over
the input dataset.

During execution, the Provenance generator (➌) compares the
inputs and outputs of each operation, constructs provenance frag-
ments, and injects the semantic descriptions stored in the internal
dictionary. At the same time, execution produces the preprocessed
dataset used to train and test the ML Model. The resulting prove-
nance fragments are materialized in the provenance graph, which
acts as the central substrate for subsequent analysis.

Once the model has been trained and tested, the XAI Gener-
ation module computes feature- and instance-level explanations
through SHAP, Influence Functions, and TracIn. These influential
points are passed to the End-to-end explanation component (➍),
which combines explanation signals with provenance data. The
technical novelty of this component lies in resolving the non-trivial
alignment between multi-granular XAI outputs (e.g., local instance-
level attributions vs. global feature importance) and the multi-hop
relational structure of data lineage, effectively connecting model
behavior with the specific upstream transformations that produced
the relevant training data.

From this point, the workflow can follow two complementary
analysis paths. Through Direct access & visualization (➎), users can
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Figure 1: PROXAI architecture

inspect the graph natively and visually explore the links between in-
fluential points and provenance entities, directly analyzing lineage
and transformation structure.

Since manually exploring large and complex provenance graphs
can impose a significant cognitive burden and manual effort on
users, requests can alternatively be handled through the natural-
language interface. In this case, the Query router (➏) classifies user
intent and redirects the request either toGraph query generation (➐),
where questions are translated into Cypher queries, or to Hybrid
retrieval (➑), which combines semantic and structural search over
indexed provenance information. Following a retrieval-augmented
generation workflow, the retrieved context is then processed by the
Answer generation component (➒), which synthesizes the results
into textual answers returned through the question-answer user
interface.

3.2 PROXAI in Action
We illustrate the use of PROXAI through a deliberately simple
debugging scenario based on the Census Income dataset, chosen to
clearly expose the main steps of the workflow. A developer prepro-
cesses the data and trains a simple neural network that achieves
near-perfect training accuracy (99.8%) but only 30.75% test accuracy.
This gap suggests that a serious issue has been introduced in the
preprocessing pipeline, which includes 14 feature transformations.

Rather than manually inspecting the entire pipeline, the devel-
oper starts from the XAI module. A global SHAP analysis over
the test set reveals that the model relies disproportionately on the
relationship feature, whose importance dominates the remaining
attributes by a large margin, as shown in Figure 2. This abnormal
pattern suggests that the feature may be affected by target leakage.

Starting from this signal, PROXAI allows the user to move di-
rectly from the SHAP results to the corresponding node in the
provenance graph, as shown in Figure 3, and then inspect the trans-
formation history of the suspicious feature through the interactive
querying interface.

Figure 2: SHAP-based feature importance

Figure 3: Interactive connection between SHAP results and
provenance graph visualization

For example, querying "What is the code of activity ’Label en-
coding of the relationship column’?” retrieves the corresponding
operation and source code (Figure 4).

More generally, the interface supports conversational inspection
of the suspicious transformation and its role in the pipeline. In this
case, the returned code reveals the origin of the problem:
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1 Erroneous code causing target leakage
2 relationship_trans = LabelEncoder()
3 df["relationship"] = relationship_trans.fit_transform(
4 df["label"].values.astype(str)) # Should be

df["relationship"]↩→

Figure 4: Interactive query over provenance metadata

The issue is that relationship was encoded using the target vari-
able label rather than the original column, introducing a direct
leakage path. After correcting this line, the model’s test accuracy
increases from 30.75% to 82.54%, an improvement of 51.79 percent-
age points.

4 DEMO OUTLINE
The demonstration is organized as a guided debugging session over
a preloaded ML pipeline exhibiting anomalous behavior due to a
data preparation issue. The goal is to show how PROXAI turns
model explanations into an end-to-end workflow by executing the
following steps:
Step 1: From anomalous model behavior to influential data.
The demo begins from the observed behavior of the trained model,
whose mismatch between training and test performance suggests
the presence of a serious issue in the preprocessing pipeline. Atten-
dees first inspect the output of the XAImodule, which provides both
feature-level and instance-level explanations for the current model
behavior. Depending on the selected scenario, PROXAI can high-
light suspicious features through SHAP-based importance analysis
or identify the training samples that exert the strongest positive
or negative influence on a given prediction. This first step shows
the role of XAI as a focused entry point for debugging. Rather than
stopping at the explanation itself, PROXAI uses these signals to
identify the subset of data elements that should be examined more
closely in the provenance graph.

Step 2: From influential data to provenance and transfor-
mation logic. Starting from the suspicious features or training
instances identified in the previous step, attendees then explore
their provenance through PROXAI. The system allows users to
move directly from the XAI outputs to the corresponding entities
in the provenance graph, thereby connecting model-level explana-
tions with data-level lineage. At this stage, attendees can pursue the
analysis through direct graph exploration or through interactive
querying over provenance metadata, depending on the selected
scenario and on the aspects they wish to inspect more closely. This
makes it possible to recover lineage paths, examine the sequence
of preprocessing activities that affected a feature or record, and
inspect the code associated with a given operation. In this way, the
demo shows how anomalous model behavior can be traced back to
specific preprocessing operations and their associated logic, turning
model-level signals into pipeline-level explanations.
Step 3: From diagnosis to corrective validation. In the final
step, the faulty transformation is corrected and the pipeline is
executed again. PROXAI then allows attendees to compare the
updated model behavior, the new explanation outputs, and the
revised provenance information with the original faulty execution.
This final stage closes the explanatory loop. Once the problematic
transformation is fixed, the model behavior becomes more plausible,
the anomalous explanatory signals disappear or are reduced, and
predictive performance improves. The demo therefore shows not
only how PROXAI supports root-cause analysis, but also how
it enables users to validate that the diagnosed cause was indeed
responsible for the observed behavior.

5 CONCLUSION
PROXAI demonstrates how combining model explanations and
fine-grained provenance supports interactive debugging of ML
pipelines. By connecting anomalous model behavior directly to
upstream data transformations, the system enables practical root-
cause analysis and corrective validationwithin a unified, end-to-end
explanatory workflow.
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