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Abstract
Knowledge mining systems are increasingly used to extract actionable insights
from large-scale heterogeneous data. However, the reliability of mined knowledge
is often questioned due to issues such as data noise, bias, incomplete context, and
lack of traceability. Provenance tracking has emerged as a key mechanism to
enhance trustworthiness by recording the origin, transformation history, and
processing lineage of data and derived knowledge. This paper presents a
comprehensive review of trustworthy knowledge mining with provenance tracking,
covering conceptual foundations, provenance models, integration architectures,
algorithms, and evaluation metrics. We discuss how provenance enables
transparency, reproducibility, and accountability in knowledge discovery
workflows. The study also examines applications in healthcare, finance, scientific
data management, and knowledge graphs. Challenges such as scalability, privacy,
and standardization are highlighted, and future research directions are proposed.
The paper aims to provide a structured understanding of how provenance-aware
mining frameworks can support trustworthy and explainable knowledge extraction

in modern data-driven systems.
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INTRODUCTION

Knowledge mining refers to the automated extraction of patterns, relationships, and insights from
large datasets using machine learning, data mining, and semantic techniques. It supports decision-
making across domains such as business intelligence, healthcare analytics, and scientific
discovery. Despite its usefulness, trust in mined knowledge remains a major concern. Users often
question whether extracted patterns are reliable, unbiased, and reproducible. These concerns arise
because mining pipelines involve multiple transformations, data sources, and algorithmic steps

whose details are rarely transparent.

Provenance tracking addresses this issue by recording how data and knowledge artifacts are
created, transformed, and derived. Provenance provides contextual information such as source
datasets, preprocessing operations, algorithm parameters, and execution environment. With
provenance, users can trace the lineage of any discovered pattern or model output, making

knowledge mining more transparent and verifiable.

Trustworthy knowledge mining combines data quality, algorithm fairness, explainability, and
provenance to ensure reliable outputs. Provenance acts as a backbone connecting these aspects.
For example, if a predictive model shows bias, provenance can reveal whether the bias originated
from training data imbalance or algorithmic design. Similarly, provenance supports reproducibility

by allowing experiments to be re-executed under identical conditions.

This paper reviews methods and frameworks that integrate provenance tracking into knowledge
mining. The contributions of the paper are:

e A conceptual overview of trustworthiness and provenance in knowledge mining

o Classification of provenance models and tracking techniques

« Survey of provenance-aware mining architectures and algorithms

o Comparative analysis of frameworks

o Discussion of applications and research challenges

55 Page 54-72 © MANTECH PUBLICATIONS 2023. All Rights Reserved



Journal of Data Mining and Knowledge Engineering
MANIECH

Publications Volume 8, Issue 1, January-June 2023

FOUNDATIONS OF TRUSTWORTHY KNOWLEDGE MINING

Trustworthy knowledge mining aims to ensure that extracted patterns, models, and insights from
data are dependable and can be confidently used for decision making. As data-driven systems
increasingly influence real-world outcomes, such as medical diagnosis, financial approval, or
policy planning, trust in mined knowledge becomes critical. The foundation of trustworthy mining
lies in understanding key dimensions of trust and the role of provenance in supporting them.

1. Trustworthiness in Knowledge Mining

Trustworthy knowledge mining refers to the generation of insights that are reliable, transparent,
unbiased, and reproducible. In traditional data mining systems, focus was mainly on predictive
accuracy or efficiency. However, high accuracy alone does not guarantee that results are correct,
fair, or interpretable. For example, a highly accurate model trained on biased data may still produce
discriminatory decisions. Therefore, trustworthiness must be considered as a multi-dimensional

property rather than a single metric.

Several core dimensions define trustworthiness in knowledge mining:

Data reliability

Data reliability refers to correctness, consistency, and completeness of input datasets. Mining
algorithms depend strongly on data quality, so noisy or missing data directly affects results. If
healthcare records contain incorrect diagnoses or incomplete patient history, mined patterns may
mislead treatment recommendations. Reliable mining therefore requires verified sources, quality
assessment, and cleaning procedures. Provenance helps here by storing source credibility and data

acquisition context.

Algorithmic transparency

Transparency means that users can understand how the mining system produces its outputs. Many
modern models, especially complex machine learning or deep learning approaches, behave like
black boxes. Without transparency, users cannot judge whether patterns are meaningful or artifacts
of modeling assumptions. Transparent mining methods document algorithm structure, parameters,

and processing steps. Provenance contributes by recording algorithm versions, configurations, and
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execution environment, allowing inspection of how knowledge was generated.

Fairness

Fairness ensures that mined knowledge does not unfairly disadvantage specific individuals or
groups. Bias can arise from skewed datasets, feature selection, or algorithm design. For instance,
credit risk models trained on historical biased lending data may discriminate against certain
demographics. Trustworthy mining therefore requires bias detection, fairness constraints, and
balanced data. Provenance enables tracing discriminatory outcomes back to data sources or

preprocessing choices, making fairness analysis possible.

Reproducibility

Reproducibility refers to the ability to regenerate identical results using the same data and
procedures. In scientific and analytical environments, reproducibility is essential for validation and
verification. However, mining workflows often involve multiple tools, parameters, and data
versions, making replication difficult. Provenance tracking preserves the full mining pipeline,
including datasets, transformations, and model settings. With such lineage, experiments can be

rerun and results confirmed.

Accountability

Accountability means that responsibility for decisions or results can be traced to specific processes
or agents. In automated decision systems, stakeholders need to know why a particular decision
was made and who or what contributed to it. Without accountability, errors or harms cannot be
investigated. Provenance supports accountability by linking outputs to data sources, algorithms,

and human interventions within the mining workflow.

Without these properties, knowledge mining systems may produce misleading or unverifiable
conclusions. Users may lose confidence, and decisions based on such outputs may cause harm.
Hence, trustworthiness becomes a central requirement rather than optional feature in modern

knowledge mining systems.
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2. Concept of Data Provenance

Data provenance describes the origin, history, and transformation of data throughout its lifecycle.
It provides contextual metadata that explains how data and derived knowledge artifacts were
created. Provenance can be understood as a “history record” attached to data and mining results,

enabling users to trace them back to their sources and processes.

Provenance answers fundamental questions such as:
e Where did the data come from?

e How was it collected or generated?

e How was it processed or transformed?

e Which algorithm produced this result?

e What parameters and configurations were used?

« Which intermediate datasets contributed to final output?

By providing these answers, provenance makes knowledge artifacts interpretable and verifiable.

Provenance can be categorized into several types:

Data provenance

Data provenance focuses on lineage of datasets themselves. It records source systems, acquisition
time, ownership, and integration operations. For example, in a healthcare dataset, provenance may
indicate that patient records were collected from multiple hospitals, anonymized, and merged. Data
provenance helps assess reliability and detect inconsistencies between sources.

Process provenance

Process provenance describes workflow steps and transformations applied to data during mining.
It includes preprocessing operations, feature engineering, algorithm execution, and evaluation
procedures. For instance, it may document that missing values were imputed using mean
substitution and features normalized using min-max scaling. This information is essential for

reproducibility.
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Knowledge provenance

Knowledge provenance refers to derivation of mined patterns, rules, or models. It links discovered
knowledge to supporting data and algorithms. For example, an association rule may include
provenance indicating the subset of transactions from which it was derived and the support

threshold applied. Knowledge provenance allows users to verify and interpret mining results.

Although provenance is sometimes referred to as data lineage or traceability, there are subtle
differences. Data lineage usually focuses on the flow of datasets between systems, such as
extraction, transformation, and loading processes. Provenance, however, includes richer
contextual metadata such as algorithm parameters, processing environment, and responsible
agents. Thus provenance provides deeper understanding of how knowledge artifacts were

generated.

3. Role of Provenance in Trust

Provenance contributes to trustworthiness in knowledge mining by providing transparency and
traceability across the entire mining lifecycle. It acts as a connecting layer between data,
algorithms, and knowledge outputs, enabling users to verify and interpret results. Several key roles

of provenance in establishing trust can be identified.

Enabling validation of mined knowledge

Users can evaluate reliability of patterns or predictions by examining their provenance. For
example, a medical prediction model may show high accuracy, but provenance may reveal that
training data came from a limited demographic group. This knowledge allows experts to judge

whether the model is generalizable. Without provenance, such validation is difficult.

Supporting auditing and debugging

When errors or unexpected results occur, provenance helps identify the stage where they
originated. If a classification model produces incorrect outputs, provenance records can reveal
whether the cause was data cleaning errors, incorrect parameter settings, or algorithm

implementation issues. This auditing capability improves system reliability.
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Facilitating reproducibility

Reproducibility is often challenging in complex mining pipelines. Provenance preserves datasets,
transformations, and configurations, allowing experiments to be rerun. In scientific research, this
ensures that findings are not accidental or irreproducible. Provenance also supports comparison

between experiments by documenting differences in pipeline settings.

Providing explanation context

Explainable Al aims to interpret model decisions, but explanations require context about data and
processes. Provenance provides this context by linking outputs to their origins and derivation steps.
For example, an inferred fact in a knowledge graph can be explained by tracing it to supporting

triples and inference rules recorded in provenance.

Detecting data bias sources

Bias in mining results often originates from data imbalance or preprocessing choices. Provenance
allows tracing biased outcomes back to their sources. For instance, if a hiring recommendation
system favors certain applicants, provenance may reveal that training data overrepresented

particular profiles. This enables corrective actions such as data balancing or algorithm adjustment.

Because of these roles, provenance tracking becomes essential in critical domains such as
healthcare analytics and scientific research. In healthcare, decisions must be explainable and
traceable to ensure patient safety. In scientific discovery, reproducibility and transparency are
fundamental principles. Provenance-aware mining systems therefore provide stronger assurance

of reliability and accountability compared to conventional black-box approaches.

PROVENANCE MODELS AND REPRESENTATION

Provenance information must be represented in structured and machine-interpretable form to be
usable in knowledge mining systems. Raw logs or textual descriptions of lineage are insufficient
because they cannot be efficiently queried, analyzed, or integrated with mining algorithms.
Therefore, different provenance representation models have been proposed to formally capture

relationships between data, processes, and derived knowledge artifacts.
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A provenance model defines how entities, transformations, and dependencies are encoded so that
lineage can be stored, queried, and interpreted. In knowledge mining contexts, representation must
satisfy several requirements: it should capture complex multi-step derivations, support traceability
queries, and remain scalable for large datasets and workflows. Based on these requirements,
provenance representations are commonly categorized into graph-based, annotation-based, and

workflow-based models.

1. Graph-Based Provenance Models

Graph-based provenance models represent provenance as directed graphs in which nodes
correspond to entities such as datasets, intermediate results, processes, or agents, while edges
represent relationships such as used, generated, derived from, or controlled by. This structure
mirrors the actual dependency network in knowledge mining pipelines, where outputs depend on

multiple inputs and transformations.

In a typical provenance graph, three main node types are defined:

o Entity nodes: datasets, features, models, patterns

e Process nodes: preprocessing steps, algorithms, transformations

e Agent nodes: users, systems, or software components

Edges encode relationships such as:

o dataset used by algorithm

o model generated by training process

e pattern derived from dataset

Such representation allows tracing any mined knowledge artifact back through all intermediate
steps to original sources. For example, an association rule can be connected to the transaction

dataset, which in turn links to original data sources and preprocessing operations.

Graph-based models capture complex lineage relationships efficiently because they support many-
to-many dependencies and multi-stage derivations. They also align well with knowledge graph

technologies, enabling unified storage of data and provenance.
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Advantages

e Intuitive representation: Graphs naturally express dependencies and lineage paths, making
them easier to interpret conceptually.

e Supports dependency queries: Users can gquery ancestors, descendants, or derivation paths
of knowledge artifacts.

o Scalable for large workflows: Graph databases can manage large provenance networks
efficiently.

Limitations

o Storage overhead: Large workflows generate dense graphs with many nodes and edges.

e« Complex query evaluation: Path queries or recursive lineage analysis may be
computationally expensive.

Despite these limitations, graph-based provenance is widely considered the most expressive

representation for complex mining pipelines.

2. Annotation-Based Provenance

Annotation-based provenance models attach provenance metadata directly to data items, features,
patterns, or models. Instead of storing lineage as a separate graph, each knowledge artifact carries
its own provenance description in the form of annotations or tags. These annotations may include
source dataset identifiers, algorithm names, parameter settings, or confidence measures.

For example, a classification rule produced by a mining algorithm may include annotation fields
such as:

 training dataset: CustomerDB_v3

 algorithm: decision tree

e support: 0.32

« confidence: 0.81

This approach embeds provenance within the knowledge artifact itself, making provenance

immediately accessible without navigating external structures.

Annotation-based provenance is particularly suitable for pattern mining or rule mining systems
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where each pattern is relatively independent. It allows easy integration with existing mining
outputs, since annotations can be appended without modifying system architecture significantly.

Advantages

o Simple integration: Provenance can be added to outputs without redesigning mining
framework.

o Lightweight storage: Only essential metadata is stored with each artifact.

o Suitable for pattern mining: Works well when patterns are independent and lineage is

shallow.

Limitations

o Limited relational context: Cannot easily represent complex multi-step dependencies
between artifacts.

e Hard to track multi-step workflows: If a pattern depends on several intermediate

transformations, annotations may become incomplete or inconsistent.

Thus annotation-based provenance is effective for simple mining scenarios but less suitable for
large or multi-stage pipelines.

3. Workflow-Based Provenance

Workflow-based provenance records execution history of mining pipelines by logging each
processing step along with its inputs, parameters, and outputs. In this representation, the mining
process is viewed as a sequence or network of workflow tasks, and provenance is captured as

execution traces of these tasks.

Each stage in the workflow — such as data cleaning, feature extraction, model training, evaluation,
and post-processing — is recorded with metadata including:

e input datasets

o applied transformation

e parameter values
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e execution time

e produced outputs

This approach is commonly used in scientific workflows and experiment management systems. It
enables full reconstruction of the mining pipeline, allowing researchers to rerun experiments under
identical conditions. Workflow provenance therefore directly supports reproducibility and

experiment comparison.

For example, in a knowledge mining experiment, workflow provenance may show that:

o Raw data were filtered for missing values

o Features were normalized using min-max scaling

o A classifier was trained with specific hyperparameters

o Evaluation metrics were computed

Such records allow complete regeneration of the pipeline and identification of variations between

runs.

Advantages

o Supports reproducibility: Entire pipeline can be reconstructed and rerun.

o Captures process history: Records chronological sequence of transformations.

o Useful for experiment tracking: Enables comparison of different parameter settings or

datasets.

Limitations

o Large storage requirements: Detailed logs for each step can be extensive.

o Requires workflow management systems: Provenance capture often depends on specialized
workflow platforms.

Workflow-based provenance is especially valuable in research environments and complex

analytics pipelines where reproducibility is essential.

PROVENANCE TRACKING IN KNOWLEDGE MINING PIPELINES
Knowledge mining typically involves multiple stages. Provenance can be captured at each stage.
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1. Data Collection and Integration

Data may originate from databases, sensors, or web sources. Provenance records:
« Source identifiers

e Acquisition time

o Data quality metrics

o Integration operations

This allows identification of unreliable sources.

2. Data Preprocessing

Cleaning, normalization, and transformation steps alter data. Provenance tracks:
e Missing value handling methods

o [Feature engineering steps

« Filtering operations

Without such records, reproducibility becomes difficult.

3. Pattern and Model Mining
Mining algorithms produce patterns, rules, or models. Provenance includes:
e Algorithm name

Parameter settings

Training data version

Evaluation metrics

4. Knowledge Post-Processing

Patterns may be filtered, ranked, or visualized. Provenance tracks:
« Interestingness measures

« Threshold criteria

o User interaction

PROVENANCE-AWARE KNOWLEDGE MINING ARCHITECTURES
Several architectures integrate provenance into mining systems.

1. Layered Provenance Architecture
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This architecture adds provenance layers over mining pipeline.
Layers include:

o Data layer

e Processing layer

o Knowledge layer

« Provenance repository

Advantages:

e Modular design

o Easy integration

o Scalable

2. Provenance-Enabled Knowledge Graph Mining

Knowledge graphs store entities and relations. Provenance is attached to triples and inference
results.

Features:

o Triple-level provenance

e Rule derivation lineage

« Confidence scores

Benefits:

e Trust in semantic inference

« Explainable reasoning

3. Distributed Provenance Mining Systems

Big data mining uses distributed platforms. Provenance is tracked across nodes.
Characteristics:

o Distributed lineage capture

o Parallel workflow tracking

e Cloud storage integration

Challenges:

« Synchronization overhead
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« Privacy concerns

ALGORITHMS FOR PROVENANCE-AWARE KNOWLEDGE MINING

Algorithms can be modified to record provenance during mining.

1. Provenance-Aware Association Rule Mining

Association rule mining discovers frequent patterns. Provenance tracking records:
e Source transactions

e Support calculation history

« Filtering thresholds

This helps verify rule validity.

2. Provenance-Aware Classification
Classification models store training lineage:
« Dataset versions

o [Feature selection steps

e Hyperparameters

If prediction errors occur, provenance identifies causes.

3. Provenance in Knowledge Graph Mining

Knowledge graph completion and reasoning generate new facts. Provenance records:
e Supporting triples

« Inference rules

o Confidence propagation

This allows explanation of inferred facts.

4. Provenance-Guided Pattern Validation
Provenance can guide validation by tracing patterns to source data and checking reliability scores.

Patterns derived from unreliable sources can be filtered.
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EVALUATION METRICS FOR TRUSTWORTHY PROVENANCE MINING

Evaluation of provenance-aware mining considers both mining quality and provenance usefulness.

Table 1. Evaluation Metrics for Provenance-Aware Knowledge Mining

Metric Description Trust Aspect
Pattern Accuracy Correctness of mined patterns Reliability
Provenance Completeness Coverage of lineage info Transparency
Traceability Depth Ability to trace origin Accountability
Reproducibility Score Ability to regenerate results Reproducibility
Provenance Overhead Storage and computation cost Efficiency
Explainability Gain Improvement in interpretability Explainability

APPLICATIONS OF TRUSTWORTHY KNOWLEDGE MINING

1. Healthcare Analytics

Healthcare data mining requires high trust due to patient safety. Provenance enables:
o Traceability of clinical predictions

« Validation of diagnostic rules

« ldentification of biased datasets

For example, a disease prediction model can be traced to patient cohorts and preprocessing steps.

2. Scientific Research and Reproducibility

Scientific discoveries rely on reproducibility. Provenance tracks:
o Experimental datasets

e Analysis workflows

o Parameter settings

This ensures results can be reproduced by other researchers.

3. Financial Fraud Detection

Fraud detection models must be auditable. Provenance provides:
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e Source transaction history
o Feature engineering lineage
e Model decision path

Auditors can verify decision basis.

4. Knowledge Graph Construction

Large knowledge graphs integrate multiple sources. Provenance tracks:
« Source documents

« Extraction methods

« Confidence scores

Users can evaluate fact reliability.

COMPARATIVE ANALYSIS OF PROVENANCE APPROACHES
Table 2. Comparison of Provenance Tracking Approaches in Knowledge Mining

Approach Representation Strengths Limitations Suitable Use
Graph-based |[Provenance graph Rich lineage Complex queries| Workflows
Annotation-based| Metadata tags Lightweight Limited context || Pattern mining
Workflow-based | Execution logs Reproducible Large storage Experiments

KG-based

Triple lineage

Explainable inference

Scalability

Semantic mining

Distributed

Distributed logs

Big data support

Sync overhead

Cloud mining

CHALLENGES IN PROVENANCE-AWARE KNOWLEDGE MINING

Despite progress, several challenges remain.

1. Scalability

Provenance data grows rapidly with pipeline complexity. Storing lineage for large datasets creates
overhead.

2. Privacy and Security

Provenance may expose sensitive information such as data sources or personal identifiers.

3. Standardization
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Different systems use different provenance formats, limiting interoperability.

4. Integration with Machine Learning

Many ML frameworks lack built-in provenance tracking. Integration requires custom
modifications.

5. Provenance Quality

Incomplete or inaccurate provenance reduces trust. Automatic capture methods must ensure

correctness.

FUTURE RESEARCH DIRECTIONS

Several research opportunities exist.

« Lightweight provenance storage techniques

e Privacy-preserving provenance models

« Standard provenance schemas for knowledge mining

« Integration with explainable Al methods

e Provenance-aware deep learning frameworks

e Automated provenance validation

A promising direction is combining provenance with explainable Al to provide both lineage and

reasoning explanations.

CONCEPTUAL FRAMEWORK FOR TRUSTWORTHY PROVENANCE MINING

A general framework for provenance-aware knowledge mining is illustrated below.

AS_Relation

rhasASNumber

DREAMSCAPE-AS-AP rhasASNumber _:AS_Relation_1

Figure 1. Provenance-Aware Knowledge Mining Framework
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DISCUSSION

Trustworthy knowledge mining requires more than accurate algorithms. It needs transparency and
traceability. Provenance tracking provides this foundation by linking knowledge artifacts to their
origins and processing steps. The integration of provenance into mining systems improves

reliability, reproducibility, and explainability.

However, there is trade-off between provenance completeness and system efficiency. Recording
full lineage increases storage and computation cost. Practical systems must balance these factors

using selective or summarized provenance.

Another key issue is user understanding. Provenance data may be complex graphs or logs.
Visualization and summarization techniques are needed to make provenance understandable to

non-experts. This is especially important in healthcare and policy decision systems.

Finally, provenance should be considered part of trustworthy Al frameworks along with fairness
and transparency. Combining provenance with bias detection and explainable models will lead to

more accountable knowledge mining systems.

CONCLUSION

This paper reviewed trustworthy knowledge mining with provenance tracking, highlighting its
importance for reliable and explainable knowledge discovery. Provenance provides traceability of
data origins, processing steps, and algorithmic decisions, enabling validation and reproducibility
of mined knowledge. Various provenance models including graph-based, annotation-based,
workflow-based, and knowledge-graph approaches were discussed, along with provenance-aware
architectures and algorithms. Applications in healthcare, finance, scientific research, and
knowledge graphs demonstrate the practical value of provenance-enabled mining. Despite
challenges in scalability, privacy, and standardization, provenance tracking remains essential for
building trustworthy data-driven systems. Future research should focus on lightweight provenance,
integration with explainable Al, and standardized frameworks. Trustworthy knowledge mining
with provenance tracking will play a crucial role in ensuring transparent and accountable Al
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systems in the era of big data.
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