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Abstract— This study investigates the integration of Process
Mining (PM) techniques with Machine Learning (ML) algo-
rithms to detect corrupt activities in business processes. PM
has gained significant attention for its ability to analyze event
logs and uncover inefficiencies, deviations, non-compliance, and
regulatory breaches in real processes. However, its application
in detecting corruption, fraud, or other unethical practices
in organizational processes remains underexplored. Through
a structured analysis of existing research, we examine how
PM and ML have been applied in related areas such as
fraud detection, and evaluate their relevance to addressing
corruption-specific challenges. This paper advocates for the
use of PM methods combined with ML techniques to improve
corruption detection systems, outlining the key challenges and
gaps in current approaches. By synthesizing insights from
the literature and evaluating use-case applicability, this work
provides a foundation for future research into corruption-aware
process analytics.

I. INTRODUCTION

Corruption constitutes a universal impediment that
undermines economic development, erodes trust in
institutions, and contributes to the misallocation of
resources [8]. Detecting corruption remains a complex
challenge, due to its hidden and often systematic nature.
In this respect, traditional detection methods audit such as
manual audits tends to be biased, costly and time-consuming
and often fail to uncover complex behaviors that signal
corrupt practices [9].

Nonetheless, PM which provides a data-driven analysis
of processes by leveraging event logs, has shown promise
in identifying inefficiencies and deviations from standard
process [10]. For instance, by analyzing the sequence
and timing of transactions, PM can uncover instances
of favoritism in procurement processes [11], fraudulent
payment approvals [12], or unusual approval patterns that
might indicate bribery. Unlike traditional audits, which
may focus on specific transactions or cases, PM provides
a continuous, real-time view of organizational processes,
enabling the identification of systemic issues that may point
to widespread corruption [13].

However, PM relies on structured and complete event
logs, often missing informal or concealed activities where
corruption thrives. Additionally, it struggles to distinguish
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between errors and deliberate misconduct, especially in
complex processes [15].

Furthermore, PM can be combined with ML techniques
to enhance its detection capabilities. ML algorithms can
analyze the data produced by PM to identify hidden patterns,
classify suspicious activities, and predict future risks [14].
For example, ML can help flag transactions or contracts
that deviate from established norms, classify processes as
"high-risk," or even predict areas of potential corruption
based on historical patterns [24]. The combination of ML
along with PM presents an added advantage for more
sophisticated pattern recognition, anomaly detection, and
predictive insights.

Overall, combining the strengths of PM and ML may
present a significant opportunity for detecting corruption in
processes. PM provides a structured approach to analyzing
workflows, uncovering inefficiencies, and identifying
deviations, while ML enhances this capability by detecting
hidden patterns and adapting to evolving corrupt practices.

The paper is structured as follows: Section 1 introduces
the importance of addressing corruption and provides an
overview of the study’s objectives. Section 2 reviews the
relevant background and related work, focusing on PM
and its application in corruption detection. It explores
how PM techniques can be used to uncover irregularities
in business processes. Section 3 investigates the role of
ML in enhancing PM, particularly in the detection of
fraudulent activities . Finally, Section 4 concludes the paper
by summarizing.

II. BACKGROUND AND RELATED WORK

According to [7], PM is an emerging discipline providing
comprehensive sets of tools to provide fact-based insights
and to support process improvements. This new discipline
builds on process model-driven approaches and data mining.
In other words, PM is a family of techniques used to analyze
event data in order to understand and improve processes.
PM is constructed on logs that include information case
id, a unique identifier for a particular process instance;
an activity, a description of the event that is occurring;
a timestamp; and sometimes other information such as
resources, costs, and so on.

There are three main types of PM: discovery, conformance,
and enhancement [1]. Discovery is the most common type,



where the process model is derived from the event log data.
This is typically used when there is no formal description
of the process available, or when the actual process differs
from the documented one. Conformance, on the other hand,
is used to compare the actual process with a predefined
model to identify deviations. This is useful in ensuring that
the process is compliant with regulations and standards.
Enhancement involves modifying or extending the existing
process model based on the information derived from the
event log data [6].

PM involves analyzing event logs from business processes
to discover patterns, inefficiencies, and compliance issues.
Traditional PM algorithms, such as Alpha Miner and
Heuristic Miner, rely on predefined rules and structured data
to visualize and analyze processes [3] [4]. However, these
methods often struggle with the complexity of real-world
data.

PM can play a critical role in detecting anomalies that could
indicate fraudulent activities. These anomalies can reveal
hidden fraud, or non-compliance within a business process.
Below are some examples of how PM can be utilized in
fraud and corruption detection:

• In a study by [28], the Heuristics Miner algorithm
was used for fraud detection in procurement processes.
The paper emphasized the algorithm’s ability to analyze
event logs and detect anomalies in business processes.
By identifying deviations from standard procurement
workflows, the system achieved an identification accu-
racy of 88%.

• The authors in [29] explored integrating process min-
ing into financial audits while aligning with current
standards. Their study confirmed PM’s feasibility in
enhancing audit practices by replacing manual proce-
dures, thereby improving evidence robustness and audit
reliability.

• In [27], process mining was applied to data from a
Dutch financial institute for fraud detection. Compared
to traditional methods, PM offered deeper insights into
process flows and irregularities. Using tools like ProM,
auditors visualized deviations and uncovered fraudulent
behavior during forensic audits.

• PM techniques analyze event logs to identify deviations
from expected workflows, which can indicate potential
corruption or fraud [34].

A. Machine Learning in Process Mining

The growing volume of data in business information
systems necessitates modern technologies to manage,
analyze, and utilize it effectively for informed decision-
making and operational control [16]. Traditional PM has
been widely used to discover, monitor, and optimize
processes directly from event logs, without requiring
predefined models [17]. However, the majority of the
proposed methods have demonstrated limitations ; such as
detecting nested loops, managing duplicate and concealed

works, and coping with concurrent processes [18] [2].

As previously discussed, PM focuses on identifying
deviations and inefficiencies rather than intentional
misconduct, making it difficult to distinguish between errors
and fraudulent behavior [9]. Corruption involving collusion,
off-record transactions, or deliberate data manipulation often
falls outside the scope of traditional PM techniques [15].

This introduces the idea of integrating PM with ML
algorithms. The integration of PM and ML algorithms
presents a promising approach to detecting corruption
across various sectors, particularly in auditing and financial
transactions [35]. By leveraging these technologies,
organizations can uncover anomalies and fraudulent
activities more effectively than traditional methods. The
following sections outline key aspects of this combined
approach.

Recent studies have explored the use of ML to improve
event log analysis and process discovery, but there has been
limited research on combining PM with ML specifically for
the detection of corruption-related activities.

Government procurement fraud detection In a public
sector context, PM was applied to the procurement process
of a government agency. The analysis revealed several
anomalies, such as repeated sole-source contracts, delays in
the tendering process, and approvals of excessive payments.
A ML classifier trained on historical procurement data was
used to flag potentially corrupt contracts. By analyzing
deviations from the expected process model and applying
predictive algorithms, the system identified several high-risk
procurement contracts that were subsequently reviewed by
auditors. [5]

Internal control evaluation in auditing In a study
by [25], a model integrating PM and ML was applied
to internal control evaluation in auditing. The focus was
on identifying control weaknesses and anomalies within
organizational processes. By using PM to map out the
actual flow of activities and ML to detect deviations from
normal behavior, the system highlighted high-risk areas that
could indicate potential issues, including corruption. This
integration allowed auditors to direct investigations toward
these flagged areas, improving the efficiency of internal
controls and enhancing the detection of fraudulent activities
or unethical behavior.

Anomaly detection in Business Processes In a study by
[30], PM was integrated with fuzzy association rule learning
to detect anomalies, including fraud, in business processes.
By utilizing recorded event logs and standard operating
procedures, the system was able to identify deviations from
normal behavior. The incorporation enhanced the accuracy
of detection, particularly in spotting fraudulent activities.
The use of fuzzy association rules allowed for more flexible



pattern recognition, improving the detection of complex and
subtle fraud patterns, ultimately achieving high accuracy in
anomaly detection within business operations.

Identity fraud detection in digital onboarding A
recent study by [26] proposed the usage of a PM approach
to detect identity fraud in digital onboarding using a real
fintech event log. This proposed approach is capable of
modelling the behavior of users as they go through a digital
onboarding process, while also providing insight into the
process itself. Through mixing PM techniques and the ML
classifiers, they resulted a promising 80% accuracy rate in
classifying users as fraudulent or legitimate.

Real-Time Workflow Optimization In a study by
[19], the integration of artificial intelligence (AI) with
PM was explored to enable the dynamic optimization
of business workflows. The research proposed a novel
model leveraging AI’s predictive and adaptive capabilities
alongside PM’s strengths in discovering, monitoring, and
improving processes from event logs. This integration
aimed to provide real-time insights, allowing organizations
to continuously optimize workflows, adapt to changing
environments, and enhance operational efficiency.

Enhancing Clinical Operations with Process Mining
and ML A study by [36] combined process mining and
machine learning to improve hospital care. Using ProM and
EMR logs, it identified workflow bottlenecks and checked
compliance with clinical procedures. By tracking KPIs
like treatment time and resource use, the approach enabled
data-driven improvements. Despite healthcare complexity,
adaptable ML models effectively managed patient variability,
demonstrating the value of this integration for operational
efficiency and decision support.

Based on the reviewed researches, we conclude that
the integration of ML in PM can improves fraud detection
and process optimization by detecting deviations from
expected workflows. Several studies reported measurable
improvements when integrating ML into PM workflows.
For instance, [26] achieved an 80% accuracy in classifying
fraudulent users in digital on boarding. [5] identified
high-risk government contracts that were later confirmed
by auditors, indicating increased detection precision. Other
works reported time savings (e.g., [19] enabled real-time
workflow optimization) and improved KPI tracking such
as treatment duration, throughput, and resource utilization
in healthcare ([36]). Despite these gains, a standard set of
evaluation benchmarks remains lacking, highlighting the
need for unified metrics to assess system effectiveness,
scalability, and cost-benefit impact. Combining PM’s
process insights with ML’s predictive power enables real-
time monitoring and adaptive fraud prevention. As digital
transformation expedites, we assume that these techniques
will play a key role in ensuring compliance and integrity
across sectors.

III. PM AND ML FOR FRAUD AND CORRUPTION
DETECTION

To explore the integration of PM and ML in fraud and
corruption detection, we conducted a structured literature
review using the following approach:

• Search Strategy: Google Scholar served as the primary
search engine due to its wide indexing of academic and
gray literature.

• Timeframe: Articles published between 2019 and 2024
were included to focus on recent developments.

• Keywords: The search used combinations of the fol-
lowing terms: "Machine Learning", "Process Mining",
"fraud detection", and "corruption".

• Inclusion Criteria
– Studies that explicitly discussed the integration of

PM and ML, or their application to fraud detection.
– Articles written in English.
– Studies with accessible full texts

• Exclusion Criteria
– Duplicate records.
– Articles that focused solely on PM or ML without

exploring their integration.
– Studies lacking relevance to fraud, corruption, or

anomaly detection in business processes.
Following the screening and selection process, the initial
search yielded 45 articles. The selection proceeded as fol-
lows:

• Step 1 (Duplicate Removal): duplicates were removed,
resulting in 42 unique articles.

• Step 2 (Full-Text Verification): 1 article was excluded
due to lack of full text or insufficient methodological
detail (n = 41).

• Step 3(Abstract and Title Screening): 26 articles were
excluded for not meeting inclusion criteria (e.g., dis-
cussing PM or ML independently, or unrelated domains
like healthcare or cybersecurity).

• Final Selection: 15 articles were retained for in-depth
analysis.

Fig. 1. Selection methodology

According to the literature review, the integration of ML in
PM has demonstrated its effectiveness in four main areas.
These findings are summarized in Figure 2, which presents
a statistical breakdown of relevant publications, highlighting
the growing adoption of ML-enhanced PM techniques in



Fig. 2. Result of selection methodology

fraud detection and process improvement.
Based on the reviewed research and provided pie chart the
integration of ML in PM focuses on four main areas:

1) Data Collection and Preprocessing (27%)
ML automate and enhance data collection process by
extracting and cleaning event logs for better insights.
ML algorithms show its capability in filtering noise,
detecting missing event logs, and identifying patterns,
and inconsistencies [14]. For instance, Random Forest
and Support Vector Machines (SVM) can be used to
classify and clean datasets by identifying data points
that deviate from the norm.

2) Process Discovery (37%)
ML techniques improve the discovery of process mod-
els by identifying hidden patterns and deviations within
event logs that may not be obvious through PM tradi-
tional methods. ML algorithms show its capability in
uncovering complex process behaviors and revealing
inefficiencies or fraudulent activities [20] [23]. For
example, Isolation Forest is effective in detecting out-
liers in complex datasets, which are often indicative of
fraudulent activities or process deviations.

3) Conformance Checking (7%)
ML enhance the comparison between observed pro-
cesses and predefined models. In fraud detection,
Anomaly Detection algorithms (like Autoencoders) can
highlight discrepancies between expected and actual
process behavior. Such ML algorithms show its capa-
bility in detecting deviations from expected process,
helping to flag irregularities or non-compliance that
may indicate fraudulent actions or errors [22].

4) Process Optimization (29%)
ML is applied to enhance overall process efficiency,
reduce bottlenecks, and detect fraud. ML algorithms
like Random Forest and SVM not only predict where
inefficiencies may lie, but also reveal areas where
fraudulent actions could occur by analyzing historical
data and identifying patterns of manipulation. Such ML
algorithms show its capability in optimizing approval
workflows, reducing opportunities for manipulation or
unauthorized interventions [21].

The largest focus is on Process Discovery (37%),
highlighting its critical role in unveiling the underlying
structure of business processes—an essential step for
identifying potential anomalies or inefficiencies that may
be indicative of corruption. Process Optimization (29%)

follows closely, underscoring the importance of refining
process performance, which aligns with the broader
objective of improving transparency and accountability in
business operations. Data Collection and Preprocessing
(27%) is also significantly represented, reflecting its
foundational importance; high-quality, well-prepared data is
a prerequisite for the effective application of ML techniques
in PM. In contrast, Conformance Checking (7%) is notably
underrepresented, despite its vital role in comparing actual
behavior with predefined models to detect deviations often
a strong indicator of non-compliant or corrupt practices.
This imbalance suggests an opportunity for further research
that leverages conformance checking to strengthen fraud
detection capabilities.

Keeping up with this line of thinking, Figure 3 presents
a quantitative analysis of ML approaches employed in
fraud detection. This repartition reveals a predominance of
Supervised learning (56%), common algorithms include
SVM and Random Forest, well-suited for classification
based on labeled historical data. Unsupervised learning
(33%) techniques like Isolation Forest, k-Means, and
DBSCAN help identify novel fraud patterns without prior
labeling. The low occurrence of Semi-supervised learning
(11%) might indicate that the usage of the semi-supervised
paradigm is limited due to the lack of partially labeled
datasets in practice.

Fig. 3. Distribution of machine learning approaches

Figure 4 offers a more detailed breakdown of algorithms’
types. First, clustering algorithms with (37%) are the
most frequently used, which aligns with their effectiveness
in grouping similar transactions and uncovering hidden
patterns such as collusive networks—that may not be
apparent through rule-based analysis. In second place,
Anomaly detection algorithms with (25%) are widely
used because of their ability to identify statistical anomalies
that may be suspicious cases. Regression algorithms
and Feature extraction algorithms make up 19% of
implementations each, which is indicative of their roles
in dimensionality reduction for predictive risk modeling.
Regression techniques contribute to predictive risk modeling,
while feature extraction methods support dimensionality
reduction, enhancing model interpretability and performance.

It’s properly to say that Supervised methods such as
Support Vector Machines (SVM) and Random Forests are



particularly effective for classifying fraud when labeled data
is available. In contrast, unsupervised techniques—including
Isolation Forest, k-Means, and DBSCAN—excel at detecting
unknown or emerging patterns in unlabeled datasets.
Together, these approaches form a hybrid framework,
where unsupervised methods initially identify potentially
suspicious behavior, which is then verified and classified by
supervised models.

Overall, the algorithmic distribution shown in Figure 4
emphasizes the field’s reliance on pattern recognition and
predictive accuracy as key components in the detection and
prevention of financial fraud.

Fig. 4. Algorithmic distribution

A. Discussion

This study examined how combining Process Mining
(PM) and Machine Learning (ML) can improve fraud and
corruption detection. By integrating PM’s event log analysis
with ML’s predictive capabilities, the approach enables
more accurate risk assessments, increased transparency, and
early identification of suspicious behavior.

PM uncovers inefficiencies, deviations, and non-compliance
through conformance checking but is limited in predicting
future fraud or detecting subtle patterns. ML addresses
these gaps by identifying hidden behaviors and forecasting
anomalies, though it requires large, well-structured datasets.

The synergy between PM and ML offers a powerful
framework for fraud detection, providing:

• Enhanced Detection; detect hidden patterns of fraudu-
lent activities that are not immediately visible through
manual or rule-based analysis.

• Proactive risk management; predict anomalies before
they escalate.

• Improved compliance; improve overall governance and
compliance frameworks by identifying weaknesses or
deviations from prescribed processes in real-time.

Fraudulent activities often manifest in several forms, includ-
ing deviations from standard process, unauthorized modifi-
cations, or unusual transaction patterns [31]. Detecting fraud
within business processes requires an advanced analytical
approach that combines PM for conformance checking and
ML for anomaly detection [32]. Key indicators of potential
fraud identified in this study include [33];

• Unusual sequences of activities where events occur in
an unexpected order, indicating potential manipulation
or circumvention of standard procedures.

• Abnormal attribute values (Abnormal data points)
such as unusually high transaction amounts, unautho-
rized access attempts, or inconsistencies in recorded
data.

• Temporal anomalies where unexpected delays or rapid
completions of tasks that may indicate artificial alter-
ations in process execution.

• Deviations from expected processes; differences be-
tween actual process and the prescribed process (poten-
tial fraudulent behavior).

In conclusion, combining PM and ML enables automated,
proactive, and more effective fraud detection—strengthening
organizational governance and resilience against corruption.

IV. CONCLUSION

Integrating machine learning (ML) algorithms with
process mining (PM) significantly strengthens the ability to
detect corruption, fraud, and inefficiencies by introducing
automation, predictive insights, and advanced anomaly
detection throughout the PM lifecycle. While PM offers
a robust foundation for understanding and visualizing
business workflows, ML enhances this by enabling the
detection of abnormal patterns, forecasting potential risks,
and uncovering hidden trends indicative of corrupt practices.
Together, they support more informed decision-making and
enhance organizational performance.

The core motivation of this research is to explore the
potential of combining PM and ML for corruption detection
in business processes. This study provides a comprehensive
overview of the current state of the field, highlighting both
the opportunities and the challenges associated with this
integration. Specifically, it examines how these technologies
can complement one another, identifies technical and
practical barriers to their combined application, and
establishes a foundation for future research and real-world
implementation.

The incorporation of ML into PM tools enhances corruption
detection through several key capabilities:

• Automatically identifying anomalies and irregularities
in process data.

• Predicting high-risk activities or transactions
• Uncovering hidden patterns of collusion, fraud, or

bribery.
• Enabling real-time monitoring and alerts for suspicious

activities
• Analyzing textual data for signs of fraudulent behavior.

Together, ML and PM provide a powerful combination
for early detection, proactive prevention, and continuous
monitoring of corruption, improving the overall integrity
and transparency of business processes.



While significant progress has been made, the findings
also reveal opportunities for future research, including:

• Designing more robust fraud detection frameworks that
integrate multi-source data.

• Enhancing risk assessment tools with explainable AI
components.

• Refining ML algorithms to adapt to evolving fraud
patterns and emerging threats.

• Expanding the use of semi-supervised learning and
text mining to address data scarcity and unstructured
information.

• Investigating how ML and PM can be used not only
for detection but to assess and enhance the resilience of
business processes that is, their ability to prevent from
corruption risks.

Ultimately, the article encourages further research into un-
derexplored areas, paving the way for the development of
advanced techniques and tools that leverage ML to optimize
organizational processes and combat fraud and corruption
effectively.
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