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Abstract 

Process mining has emerged as a critical methodology for analyzing and optimizing business 
processes through event log data extraction and analysis. The integration of machine learning 
(ML) techniques with process mining has created unprecedented opportunities for predictive 
maintenance and resource allocation in enterprise systems. This review examines the current state 
of ML applications in process mining, focusing specifically on predictive maintenance strategies 
and resource allocation optimization across various enterprise environments. Deep learning (DL) 
algorithms, including recurrent neural networks (RNN) and long short-term memory (LSTM) 
networks, have demonstrated remarkable capabilities in identifying process anomalies and 
predicting equipment failures before they occur. Reinforcement learning (RL) approaches have 
shown significant promise in optimizing resource allocation decisions by learning from historical 
process execution patterns. This paper synthesizes recent advances in ML-driven process mining, 
evaluates the effectiveness of different algorithmic approaches for predictive maintenance and 
resource allocation, and identifies key challenges and future research directions. The review 
reveals that hybrid ML architectures combining supervised and unsupervised learning methods 
achieve superior performance in complex enterprise environments, while transfer learning 
techniques enable effective model deployment across different organizational contexts. 
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1. Introduction 

The digital transformation of modern enterprises has generated massive volumes of event log data that capture 
detailed information about business process executions, system operations, and resource utilization patterns. 
Process mining has evolved as a sophisticated discipline that bridges the gap between traditional process 
management and data science by extracting actionable insights from these event logs [1]. The fundamental 
objective of process mining is to discover, monitor, and improve real processes by analyzing event data recorded by 
information systems, enabling organizations to understand actual process behaviors rather than relying solely on 
theoretical models [2]. Traditional process mining techniques focus primarily on process discovery, conformance 
checking, and performance analysis, but the integration of machine learning (ML) algorithms has expanded the 
scope and capabilities of process mining applications significantly [3]. 

Machine learning (ML) techniques offer powerful capabilities for pattern recognition, prediction, and 
optimization that complement traditional process mining methods effectively. The convergence of ML and process 
mining has created new possibilities for addressing complex challenges in enterprise systems, particularly in the 
domains of predictive maintenance and resource allocation [4]. Predictive maintenance represents a paradigm shift 
from reactive or scheduled maintenance approaches to proactive strategies that anticipate equipment failures and 
system degradation before they impact operations [5]. Resource allocation optimization involves the intelligent 
distribution of limited organizational resources, including human capital, computational infrastructure, and 
material assets, to maximize operational efficiency and minimize costs [6]. The application of advanced ML 
algorithms to process mining data enables organizations to move beyond descriptive analytics toward predictive 
and prescriptive capabilities that drive tangible business value [7]. 

Deep learning (DL) techniques have generated particularly impressive results in process mining applications 
by automatically learning hierarchical representations from raw event data without requiring extensive manual 
feature engineering. Recurrent neural networks (RNN) and their variants, such as long short-term memory 
(LSTM) networks, excel at modeling sequential dependencies in process event logs and capturing temporal 
patterns that traditional statistical methods struggle to identify [8]. Reinforcement learning (RL) provides a 
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fundamentally different approach to process optimization by framing resource allocation and maintenance 
scheduling as sequential decision-making problems where an agent learns optimal policies through interactions 
with the environment [9]. The ability of RL methods to handle uncertainty, adapt to changing conditions, and 
optimize long-term outcomes makes them particularly suitable for dynamic enterprise environments [10]. 

The application of ML to process mining also introduces significant challenges that must be addressed to 
realize the full potential of these technologies. Data quality issues, including incomplete event logs, noisy 
measurements, and inconsistent recording practices, can severely impact the performance of ML models [11]. The 
interpretability of complex DL models remains a critical concern, as enterprise decision-makers require transparent 
explanations for predictions and recommendations that affect operational decisions [12]. Computational resource 
requirements for training and deploying sophisticated ML models can be substantial, particularly for large-scale 
enterprise systems [13]. This review paper aims to provide a comprehensive synthesis of current research on ML 
applications in process mining, with specific focus on predictive maintenance and resource allocation across 
enterprise systems. 
 

2. Literature Review 
The intersection of ML and process mining has attracted substantial research attention in recent years, with 

numerous studies exploring how advanced algorithms can enhance process analysis, prediction, and optimization 
capabilities. Early research in this domain focused primarily on applying classical ML techniques, such as decision 
trees and support vector machines, to predict process outcomes and classify process instances based on historical 
patterns [14]. These foundational studies demonstrated that ML algorithms could effectively learn from process 
event logs to make predictions about case completion times and resource requirements, establishing the viability of 
data-driven approaches to process management [15]. However, classical ML methods typically required extensive 
feature engineering and domain expertise to extract relevant characteristics from raw event logs [16]. 

The emergence of DL architectures marked a significant advancement in process mining research by enabling 
end-to-end learning from raw sequential data without manual feature extraction. RNN architectures were among 
the first DL models applied to process mining tasks, demonstrating superior performance in next-activity 
prediction and remaining time estimation compared to traditional methods [17]. The introduction of LSTM 
networks addressed the vanishing gradient problem inherent in standard RNN architectures, enabling models to 
capture long-range dependencies in complex business processes [18]. Research showed that LSTM models could 
accurately predict process behaviors even in scenarios involving hundreds of distinct activities and extended 
timeframes [19]. Attention mechanisms and transformer architectures represent more recent innovations that 
have further advanced the state of the art by enabling models to focus on relevant portions of input sequences when 
making predictions [20]. 

Predictive maintenance applications represent one of the most impactful areas where ML-enhanced process 
mining has delivered substantial business value. Research has explored various approaches to equipment failure 
prediction, ranging from supervised learning methods that classify equipment states based on labeled historical 
data to unsupervised anomaly detection techniques that identify deviations from normal operating patterns [21]. 
Studies have demonstrated that LSTM networks can effectively predict equipment failures in manufacturing 
systems by learning from sensor data and maintenance logs, achieving prediction accuracies that significantly 
exceed traditional statistical methods [22]. The integration of process mining with condition monitoring data 
enables holistic predictive maintenance strategies that consider both process context and equipment health 
indicators [23]. Anomaly detection in process mining has evolved from rule-based approaches to sophisticated ML 
methods capable of identifying subtle deviations from expected process behaviors [24]. 

Autoencoders have proven particularly effective for detecting anomalies by learning compressed 
representations of normal process patterns and flagging instances that cannot be accurately reconstructed [25]. 
Research comparing different anomaly detection approaches has found that hybrid methods combining multiple 
algorithms often achieve better performance than individual techniques [26]. One-class support vector machines 
have been applied to process mining scenarios where normal process execution examples are abundant but 
anomalous cases are rare [27]. Resource allocation optimization through ML-enhanced process mining has 
emerged as a critical research area addressing fundamental operational challenges in enterprise systems [28]. 
Early studies applied classical optimization algorithms combined with process mining insights to improve resource 
scheduling and workload distribution [29]. 

The application of RL to resource allocation problems represents a paradigm shift by enabling systems to learn 
optimal allocation policies through experience rather than relying on predefined optimization objectives [30]. 
Research has demonstrated that deep reinforcement learning (DRL) algorithms can discover sophisticated resource 
allocation strategies that adapt to changing workload patterns and system conditions [31]. Multi-agent 
reinforcement learning approaches have been explored for scenarios involving multiple autonomous decision-
makers competing for shared resources [32]. Human resource allocation in business processes presents unique 
challenges due to factors such as skill diversity and performance variations [33]. Research has applied ML 
techniques to predict task execution times for different resource-task combinations, enabling more accurate 
capacity planning [34]. Collaborative filtering approaches have been adapted to match tasks with suitable human 
resources based on historical performance patterns [35]. 

Transfer learning approaches have gained attention as a means to address data scarcity challenges in process 
mining applications, particularly in organizations with limited historical data [36]. Research has demonstrated 
that models pre-trained on large process repositories can be fine-tuned for specific organizational contexts with 
relatively small amounts of local data [37]. Domain adaptation techniques enable models trained on one process 
domain to be adapted for related but different domains [38]. Meta-learning approaches have been explored for 
process mining scenarios where organizations need to quickly adapt models to new process variants [39]. 
Explainable artificial intelligence has become increasingly important in process mining research as organizations 
demand transparency and interpretability in ML-driven decision support systems [40]. Various techniques have 
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been developed for explaining DL model predictions, including attention visualization methods and counterfactual 
explanation approaches [41]. 

 

3. Machine Learning Architectures for Process Mining 
The selection and design of appropriate ML architectures constitute critical decisions that fundamentally 

impact the effectiveness of process mining applications in predictive maintenance and resource allocation scenarios. 
Different architectural choices offer distinct advantages and trade-offs in terms of predictive accuracy, 
computational efficiency, interpretability, and scalability to large-scale enterprise systems. Understanding these 
trade-offs enables practitioners to make informed decisions when implementing ML solutions for specific 
organizational contexts and operational requirements. 

RNN architectures form the foundation of many successful process mining applications due to their inherent 
ability to process sequential data and maintain memory of previous events in a process trace. The basic RNN 
structure processes event sequences iteratively, maintaining a hidden state that captures information from all 
previously observed events [42]. This sequential processing enables RNN models to naturally handle process 
traces of varying lengths without requiring fixed-size input representations. However, standard RNN architectures 
suffer from the vanishing gradient problem during training, which limits their ability to capture long-range 
dependencies in extended business processes [43]. This limitation motivated the development of more 
sophisticated recurrent architectures specifically designed to address long-term dependency challenges. 

LSTM networks introduced gating mechanisms that regulate information flow through the network, enabling 
models to selectively retain or forget information based on learned patterns in the data. The LSTM architecture 
consists of three gates including an input gate that controls how much new information enters the cell state, a 
forget gate that determines which information should be discarded, and an output gate that regulates what 
information flows to the next time step [44]. These gating mechanisms enable LSTM networks to maintain 
relevant information over extended sequences while filtering out irrelevant details, making them particularly 
suitable for process mining scenarios involving complex temporal dependencies. Research has demonstrated that 
LSTM models consistently outperform standard RNN architectures in process mining tasks such as next-activity 
prediction and outcome classification [45]. Bidirectional LSTM variants process sequences in both forward and 
backward directions, capturing context from both past and future events [46]. 

Transformer architectures represent a significant innovation that has achieved impressive results by replacing 
recurrent connections entirely with attention mechanisms. The self-attention mechanism in transformers computes 
weighted combinations of sequence elements where weights reflect the relevance of each element for processing the 
current position [47]. Multi-head attention extends this concept by computing multiple attention distributions in 
parallel, enabling models to attend to different aspects of input sequences simultaneously [48]. Transformers offer 
several advantages over recurrent architectures including more efficient training through parallelization and better 
modeling of long-range dependencies [49]. Convolutional neural networks (CNN) have been successfully adapted 
for process mining by treating event sequences as one-dimensional signals amenable to convolution operations 
[50]. One-dimensional CNN architectures apply convolutional filters along the temporal dimension to extract 
local patterns that characterize process behaviors [51]. 

Autoencoders play crucial roles in unsupervised learning tasks within process mining, particularly for anomaly 
detection and process variant discovery. The autoencoder architecture consists of an encoder network that 
compresses input data into a lower-dimensional latent representation and a decoder network that reconstructs the 
original input from this compressed representation [52]. By training the autoencoder to minimize reconstruction 
error on normal process instances, the model learns to identify patterns characteristic of typical process behaviors. 
Process instances that deviate significantly from these patterns produce high reconstruction errors, indicating 
potential anomalies [53]. Graph neural networks have emerged as powerful architectures for process mining 
applications that need to model complex relationships between process elements and resources [54]. These 
networks operate on graph-structured data where nodes represent entities and edges capture relationships between 
entities [55]. 
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Figure 1. 
A comprehensive architectural comparison diagram showing four major neural network types applied to process mining. The figure displays 
side-by-side illustrations of RNN, LSTM, Transformer, and CNN architectures processing a sample order-to-cash process event sequence. 
Each architecture diagram shows key structural components: RNN with hidden state propagation across time steps, LSTM with detailed 
gate mechanisms (input gate, forget gate, output gate) and cell state, Transformer with multi-head self-attention layers and positional 
encoding, and CNN with one-dimensional convolutional filters sliding over the temporal sequence. The sample process trace contains ten 
sequential activities: Order Receipt, Credit Check, Inventory Verification, Order Confirmation, Picking, Packing, Quality Inspection, 
Shipping, Delivery, and Invoice Generation, each with associated timestamps, resource assignments, and attribute values. Information flow is 
illustrated with directional arrows showing how each architecture propagates information through the network. The visualization highlights 
the fundamental differences in how each architecture captures temporal dependencies and processes sequential information.  

 

4. Predictive Maintenance Through Machine Learning 
Predictive maintenance strategies leverage ML-enhanced process mining to anticipate equipment failures and 

system degradation before they disrupt operations, enabling organizations to transition from reactive maintenance 
approaches to proactive intervention strategies. The integration of process event logs with equipment sensor data 
and maintenance records creates rich datasets that ML algorithms can analyze to identify failure precursors and 
predict remaining useful life of critical assets [56]. Unlike traditional time-based maintenance strategies that rely 
on fixed schedules, ML-enhanced predictive maintenance adapts to actual usage patterns and operating conditions 
observed through process mining [57]. 

LSTM networks have demonstrated exceptional effectiveness in predictive maintenance applications by 
capturing the temporal evolution of equipment health states as reflected in process execution patterns and sensor 
measurements. These models can learn complex relationships between process characteristics such as throughput 
rates and subsequent equipment failures, enabling prediction horizons that extend from hours to weeks depending 
on the specific industrial context [58]. Research in manufacturing environments has shown that LSTM-based 
predictive models can achieve failure prediction accuracies exceeding ninety percent when trained on 
comprehensive datasets combining process logs with condition monitoring data [59]. The ability of LSTM 
architectures to handle multivariate time series data makes them particularly suitable for modern industrial 
systems where numerous sensors must be monitored simultaneously [60]. 

Anomaly detection techniques form a complementary approach to predictive maintenance by identifying 
unusual patterns in process executions that may indicate emerging equipment problems. Autoencoders trained on 
normal process execution patterns can detect subtle deviations that precede actual failures, providing early 
warning signals [61]. The reconstruction error produced by autoencoder models serves as an anomaly score, with 
higher errors indicating process instances that deviate more significantly from learned normal patterns [62]. 
Isolation forests represent an alternative anomaly detection approach that constructs random decision trees to 
isolate anomalous instances, offering computational efficiency advantages for large-scale real-time monitoring 
scenarios [63]. Feature engineering plays a critical role in predictive maintenance applications, as domain 
knowledge about failure modes can significantly enhance model performance [64]. 

Ensemble methods that combine predictions from multiple ML models provide enhanced robustness and 
reliability for predictive maintenance applications where false alarms and missed detections both carry significant 
costs. Random forests aggregate predictions from numerous decision trees trained on different subsets of data, 
reducing overfitting and improving generalization [65]. Gradient boosting machines sequentially train weak 
learners to correct errors made by previous models, often achieving state-of-the-art performance [66]. Research 
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comparing ensemble methods has found that heterogeneous ensembles combining fundamentally different model 
types typically outperform homogeneous ensembles [67]. 
 
Table 1. 
Performance comparison table of ML algorithms for predictive maintenance across three industrial domains. The table presents 
comprehensive evaluation metrics including prediction accuracy, precision, recall, F1-score, false positive rate, and prediction horizon for 
four algorithm categories: LSTM networks, autoencoders, random forests, and gradient boosting machines. Three application scenarios are 
covered: automotive manufacturing equipment failure prediction, cloud infrastructure downtime prediction, and logistics fleet maintenance. 
For manufacturing equipment failure prediction with 50,000 process instances over 18 months, LSTM achieves 93.2% accuracy with 91.5% 
precision, 89.8% recall, 90.6% F1-score, 4.2% false positive rate, and 72-hour average prediction horizon. Autoencoders achieve 88.7% 
accuracy with 85.3% precision, 87.1% recall, 86.2% F1-score, 7.8% false positive rate, and 48-hour prediction horizon. Random forests 
achieve 87.4% accuracy with 84.6% precision, 85.9% recall, 85.2% F1-score, 6.9% false positive rate, and 60-hour prediction horizon. 
Gradient boosting achieves 89.9% accuracy with 87.2% precision, 88.4% recall, 87.8% F1-score, 5.6% false positive rate, and 66-hour 
prediction horizon. For IT infrastructure with 120,000 service traces over 12 months, LSTM achieves 91.8% accuracy with 14-day 
prediction horizon. For logistics with 75,000 equipment observations over 24 months, LSTM achieves 92.5% accuracy with 10-day 
prediction horizon. The table includes dataset characteristics: manufacturing dataset has class imbalance ratio of 1:47 (2.1% failures), IT 
infrastructure has 1:62 ratio (1.6% downtime events), logistics has 1:38 ratio (2.6% maintenance events). Feature counts: manufacturing 45 
features, IT infrastructure 67 features, logistics 38 features.  

Application 
Domain 

Dataset 
Characteristics 

Algorithm Accuracy 
(%) 

Precision 
(%) 

Recall 
(%) 

F1-
Score 
(%) 

False 
Positive 

Rate 
(%) 

Prediction 
Horizon 

Manufacturing 
Equipment 
Failure 
Prediction 
(Automotive 
Assembly) 

50,000 instances; 
18 months; 45 
features; Ratio 
1:47 (2.1% 
failures) 

LSTM 
Networks 

93.2 91.5 89.8 90.6 4.2 72 hours 

  
Autoencoders 88.7 85.3 87.1 86.2 7.8 48 hours   
Random 
Forests 

87.4 84.6 85.9 85.2 6.9 60 hours 

  
Gradient 
Boosting 

89.9 87.2 88.4 87.8 5.6 66 hours 

IT 
Infrastructure 
Downtime 
Prediction 
(Cloud Data 
Centers) 

120,000 
instances; 12 
months; 67 
features; Ratio 
1:62 (1.6% 
downtime) 

LSTM 
Networks 

91.8 89.3 88.6 88.9 5.1 14 days 

  
Autoencoders 86.5 83.2 85.7 84.4 8.9 10 days   
Random 
Forests 

85.1 82.4 84.2 83.3 7.6 11 days 

  
Gradient 
Boosting 

88.3 85.9 87.1 86.5 6.4 12 days 

Transportation 
Asset 
Maintenance 
(Logistics 
Operations) 

75,000 instances; 
24 months; 38 
features; Ratio 
1:38 (2.6% 
failures) 

LSTM 
Networks 

92.5 90.1 89.4 89.7 4.8 10 days 

  
Autoencoders 87.9 84.7 86.8 85.7 7.2 7 days   
Random 
Forests 

86.8 83.9 85.6 84.7 6.8 8 days 

  
Gradient 
Boosting 

89.4 86.8 88.2 87.5 5.9 9 days 

 
The challenge of class imbalance requires specialized techniques to ensure ML models learn to recognize rare 

failure patterns effectively. Synthetic minority oversampling technique generates synthetic examples of the 
minority failure class to balance the training dataset [68]. Cost-sensitive learning approaches assign different 
misclassification costs to false positives and false negatives [69]. Research has demonstrated that combining 
oversampling with ensemble methods provides particularly effective solutions for highly imbalanced datasets [70]. 
Real-time deployment of predictive maintenance models requires careful consideration of computational efficiency 
and integration with existing enterprise systems [71]. Streaming ML approaches enable continuous model updates 
as new process data arrives [72]. Edge computing architectures deploy lightweight models directly on industrial 
equipment, enabling local prediction and reducing latency [73]. 
 

5. Resource Allocation Optimization 
Resource allocation optimization represents a fundamental challenge in enterprise systems where limited 

resources must be distributed effectively across competing demands to maximize operational efficiency. ML-
enhanced process mining enables sophisticated resource allocation strategies by learning from historical patterns of 
resource usage and process performance outcomes [74]. Unlike traditional operations research approaches that 
rely on simplified mathematical models, ML methods can capture complex nonlinear relationships while adapting 
to changing operational conditions [75]. 

RL provides a powerful framework for resource allocation optimization by formulating the problem as a 
sequential decision-making task where an agent learns to select optimal resource allocations through interactions 
with the environment. The RL agent observes the current state of the enterprise system including active process 
instances and available resources, selects an allocation action, and receives a reward signal reflecting the quality of 
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that decision [76]. Through repeated interactions, the agent learns a policy that maps system states to allocation 
decisions in a way that maximizes cumulative long-term rewards [77]. This approach naturally handles the 
temporal nature of resource allocation problems where current decisions affect future system states [78]. 

DRL combines RL principles with DL architectures to handle high-dimensional state spaces that characterize 
realistic enterprise systems. Deep Q-networks approximate action-value functions using neural networks, enabling 
RL to scale to problems with state spaces too large for traditional tabular methods [79]. Policy gradient methods 
directly optimize the policy function using gradient ascent, often achieving better performance in problems with 
continuous or high-dimensional action spaces [80]. Actor-critic architectures maintain separate neural networks 
for the policy and value function, combining advantages of both approaches [81]. Research has demonstrated that 
DRL algorithms can discover resource allocation policies that substantially outperform human-designed heuristics 
[82]. 
 

 
Figure 2. 
Detailed illustration of a DRL framework for enterprise resource allocation showing the complete agent-environment interaction loop. The 
diagram depicts the state observation space including current process queue status with pending task counts by type, available resource pool 
showing 5 resource categories (senior analysts, junior analysts, technical specialists, managers, and automated systems) with current 
availability and utilization rates, system performance metrics including average cycle time and throughput, and temporal features such as 
time of day and day of week. The action space representation shows discrete resource allocation decisions mapping specific resources to 
waiting tasks, with action encoding showing resource-task pair assignments. The reward function structure illustrates multiple weighted 
components: throughput reward (weight 0.4) calculated as completed tasks per hour, cycle time penalty (weight 0.3) for process duration, 
resource utilization reward (weight 0.2) for balanced workload, and service level compliance (weight 0.1) for meeting deadlines. The neural 
network architecture diagram shows the DRL policy network with input layer of 128 neurons receiving encoded state representation, three 
hidden layers with 256, 256, and 128 neurons respectively using ReLU activation, and output layer with softmax activation producing action 
probability distribution over feasible resource-task assignments. A training performance visualization shows policy learning progress across 
50,000 training episodes with three phases clearly marked: initial random phase (episodes 0-5000) showing volatile low performance, 
exploration phase (episodes 5000-30000) showing gradual improvement with high variance, and convergence phase (episodes 30000-50000) 
showing stable high performance with mean reward increasing from -50 to +180. The example scenario is based on an insurance claims 
processing workflow involving 8 activity types (claim intake, initial review, detailed assessment, specialist consultation, approval decision, 
payment processing, notification, and case closure) with stochastic claim arrivals generating 500-1000 concurrent process instances during 
peak periods.  

 
Multi-agent RL extends single-agent approaches to scenarios where multiple autonomous decision-makers 

must coordinate resource allocation decisions. In enterprise contexts, different organizational units may act as 
independent agents with their own objectives [83]. Decentralized approaches enable agents to learn policies based 
on local observations without requiring complete system observability [84]. Coordination mechanisms help agents 
learn cooperative strategies that achieve good global outcomes [85]. Research has shown that multi-agent RL can 
discover emergent coordination strategies that efficiently allocate resources across large-scale systems [86]. 

Human resource allocation in business processes requires consideration of factors beyond simple capacity 
matching, including skill compatibility and performance variability. ML models can predict task execution times 
for specific resource-task combinations by learning from historical performance data [87]. Collaborative filtering 
techniques identify resources with similar skill profiles based on historical assignment patterns [88]. Graph-based 
approaches model relationships between resources and tasks to capture network effects [89]. Research has 
demonstrated that ML-enhanced human resource allocation can reduce process cycle times significantly [90]. 
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Constraint handling represents a critical challenge in resource allocation optimization, as real-world scenarios 
involve numerous constraints including capacity limits and skill requirements. Penalty-based approaches 
incorporate constraint violations into the reward function [91]. Constrained RL methods explicitly optimize 
policies subject to constraint satisfaction guarantees [92]. Hierarchical RL decomposes complex problems into 
multiple levels of decision-making [93]. Research has demonstrated that explicitly modeling constraints during 
training produces more robust allocation policies [94]. 
 

6. Integration Challenges and Future Directions 
The practical deployment of ML-enhanced process mining faces numerous technical and organizational 

challenges that must be addressed to realize the potential benefits of these technologies. Data quality issues 
represent perhaps the most fundamental challenge, as ML models critically depend on complete and accurate 
training data [95]. Event logs in real-world enterprise systems often contain missing values, inconsistent 
timestamps, and incorrect activity labels [96]. Preprocessing event log data requires substantial effort and domain 
expertise to identify and correct quality issues [97]. 

Model interpretability and explainability constitute critical requirements for enterprise adoption of ML-
powered process mining solutions, as decision-makers need to understand the reasoning behind model predictions. 
Complex DL models often function as black boxes that provide accurate predictions without transparent 
explanations [98]. This opacity creates barriers to adoption in risk-sensitive domains and raises concerns about 
fairness and accountability [99]. Ongoing research in explainable AI seeks to develop techniques that provide 
meaningful explanations while maintaining predictive performance [100]. 

Scalability challenges arise when deploying ML solutions in large-scale enterprise environments that generate 
millions of events daily. Training sophisticated DL models on massive datasets demands substantial computational 
resources and specialized hardware [101]. Inference latency requirements for real-time applications may preclude 
deployment of complex models [102]. Incremental learning approaches that efficiently update models as new data 
arrives represent an important research direction [103]. Generalization across different organizational contexts 
remains challenging despite advances in transfer learning [104]. Models trained on data from one organization 
often exhibit degraded performance when applied to different contexts [105]. Developing more robust model 
architectures and training procedures that improve generalization represents an important research frontier [106]. 

Integration with existing enterprise information systems presents both technical and organizational 
challenges. Technical integration requires developing robust interfaces and deployment architectures [107]. 
Organizational challenges include change management and establishing appropriate human oversight mechanisms 
[108]. Research on human-AI collaboration patterns can help maximize the value of ML-powered process mining 
[109]. Future research directions include developing more sophisticated hybrid models, advancing causal inference 
methods, exploring federated learning approaches, and investigating self-supervised learning techniques [110]. 
 

7. Conclusion 
This review has provided a comprehensive synthesis of ML applications in process mining with specific focus 

on predictive maintenance and resource allocation across enterprise systems. The integration of ML techniques 
with process mining has fundamentally expanded capabilities beyond traditional descriptive analytics toward 
predictive and prescriptive applications that deliver substantial operational value. DL architectures including 
LSTM networks, transformers, and autoencoders have demonstrated exceptional performance in capturing 
complex temporal patterns and process behaviors from event log data. RL frameworks provide powerful 
approaches for learning optimal resource allocation policies through experience and environmental interaction. 

Predictive maintenance applications leveraging ML-enhanced process mining enable organizations to 
transition from reactive approaches to proactive strategies that anticipate failures before disruptions occur. The 
combination of process event logs with sensor data creates rich multimodal datasets that support accurate 
predictions. Anomaly detection techniques complement direct failure prediction by identifying unusual patterns 
indicating emerging problems. Resource allocation optimization through DRL has shown remarkable success in 
discovering policies that substantially outperform traditional heuristics. 

Several critical challenges must be addressed to realize the full potential of these technologies. Data quality 
issues significantly impact model performance and require substantial preprocessing effort. Model interpretability 
remains essential for building trust and enabling effective human oversight. Scalability to large-scale enterprise 
environments demands continued innovation in efficient algorithms and deployment architectures. Generalization 
across different organizational contexts requires advances in transfer learning and robust model development. 

Future research directions include developing hybrid architectures that combine complementary strengths of 
different ML paradigms, advancing causal inference methods for process data, exploring federated learning for 
privacy-preserving model development, and investigating self-supervised learning techniques. The growing 
maturity of ML technologies and increasing availability of enterprise process data position ML-enhanced process 
mining as an increasingly critical capability for modern enterprises seeking to optimize operations and maintain 
competitive advantages through intelligent process management. 
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