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ABSTRACT :

The rapid growth of multi-stage access platforms has generated complex user interaction logs that require efficient and accurate pattern-mining techniques.
Traditional Apriori-based algorithms perform poorly on such data due to repeated database scans, excessive candidate itemset generation, and an inability to
incorporate the varying importance of user-interaction stages. To address these challenges, this study introduces a Hybrid Weighted FP-Growth with Stage-Aware
Pattern Mining (HW-FP-SAPM) model and evaluates it on a ally generated benchmark dataset consisting of 1,050 records across 350 users and three interaction
stages. Each stage captures distinct item access behaviors, enabling weighted analysis of early, mid, and final user actions. The proposed model employs dynamic
stage-based weighting, compressed FP-Tree construction, and conditional pattern mining to extract high-value frequent itemsets with significantly reduced
computational cost. Experimental analysis on the dataset shows that the HW-FP-SAPM approach eliminates candidate explosion, reduces scan overhead to
two passes, and improves frequent-pattern accuracy by capturing low-frequency but high-importance itemsets within later user stages. The results demonstrate
that stage-aware weighting not only enhances association-rule precision but also provides deeper insights into evolving user behavior across access stages. This
work contributes a scalable, efficient, and domain-adaptive framework for multi-stage behavioral mining, offering strong potential for applications in e-commerce,

digital learning platforms, healthcare monitoring systems, and other interactive multi-session environments.
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Introduction

The swift growth of platforms—Ilike e-commerce platforms, educational management systems, banking portals and medical applications—has resulted
in the creation of extensive multi-phase access data illustrating user interactions throughout various stages of a session. In contrast, to single-transaction
records, multi-phase access logs document the ordered flow of user actions starting from initial contact through intermediate browsing to
concluding decision-making

processes. Mining meaningful patterns from such structured, multi-stage data is critical for understanding user intent, improving personalized services,
enhancing system design, and enabling data-driven decision support. However, conventional frequent itemset mining algorithms, particularly Apriori-
based methods, struggle to handle the complexity and volume of this data, as they require repeated database scans, generate excessive candidate itemsets,
and rely on simplistic support thresholds that fail to reflect the varying importance of each stage in the user journey.

To overcome these constraints and create a controlled setting for assessment this research utilizes a ally produced multi-stage access dataset consisting
of 1,050 entries, from 350 users spanning three interaction phases. Every entry includes a user ID, stage details and a collection of accessed items
allowing for a perspective of initial, intermediate and concluding interaction trends. This dataset is crafted to mimic world behavioral sequences
providing diverse access patterns that facilitate the evaluation of sophisticated data mining techniques. The multi-stage structure allows for the
incorporation of stage-specific weights, making it possible to differentiate between exploratory actions in early stages and more intention-driven
interactions in later stages.

Within this framework the study presents a Weighted FP-Growth combined with Stage-Aware Pattern Mining (HW-FP-SAPM) model designed to
overcome major limitations of current frequent pattern mining methods. This proposed model merges weighted support computation, compact FP-Tree
creation and stage-specific behavioral analysis to facilitate efficient identification of valuable itemsets. Differing from techniques the HW-FP-SAPM
method decreases the database scans to only two removes the need, for candidate generation and improves the detection of significant but infrequent
patterns appearing in subsequent user stages. By leveraging the structured nature of the dataset, the model provides deeper insights into user transitions
across stages, offering a powerful analytical framework applicable to various domains where multi-session or multi-phase interactions occur.
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This introduction sets the foundation for a detailed analysis of model performance and demonstrates the relevance of stage-aware pattern mining for

modern data-driven environments.

Literature Review

Frequent itemset mining (FIM) remains a foundational task in data mining and knowledge discovery, underpinning association rule mining,
recommendation systems, and many behavioral analytics applications. Over decades, a vast body of literature has evolved, refining classical algorithms
and adapting them to new data challenges: scale, item heterogeneity, weights/utility, and sequential or staged interactions. This section reviews major
contributions relevant to the proposed multi-stage, weighted frequent-itemset mining problem.

Classical Frequent Itemset Mining — Strengths and Limitations

The pioneering works on frequent itemset mining include the Apriori algorithm. As observed in surveys and comparative studies, Apriori uses a level-
wise candidate generation and test paradigm: starting from frequent 1-itemsets, iteratively generating candidate k+1/k+1-itemsets from frequent kk-
itemsets, and scanning the entire database at each iteration. While intuitive and easy

to implement, Apriori suffers from multiple database scans and explosive candidate generation, rendering it inefficient for large or dense datasets.

To overcome these drawbacks, the FP-Growth algorithm was proposed: it compresses the dataset into a compact prefix-tree (FP-Tree), and mines
frequent itemsets via a divide-and-conquer strategy without candidate generation. FP-Growth typically requires only two passes over the database and
is far more efficient than Apriori in both time and memory, especially for dense or large datasets.

Comparative studies reaffirm FP-Growth’s advantages. For instance, a 2018 survey analyzing major FPM algorithms concludes that while tree-
based and pattern-growth methods (like FP-Growth) significantly reduce runtime and memory footprint, performance varies depending on data
characteristics (density, transaction size, sparsity).

However, FP-Growth is not without limitations. Constructing FP-Trees over massive or very long transactional datasets may itself be resource-intensive.
Also, classical FP-Growth, like Apriori, treats all items as equally important (binary presence/absence), lacking mechanisms to account for differing item
significance or transaction context.

These classical limitations motivate extensions and alternative paradigms — especially for complex, real-world datasets.
Weighted / Utility / Multi-Support Itemset Mining

A key direction of extension has been to incorporate item or transaction weights, acknowledging that items are not always equal: some may be rare but
high-value, others common but low-value. The idea of weighted association rule mining (WARM) was introduced to address this — allowing
differentiated importance across items or transactions.

For example, some works combine Apriori or FP-Growth with weighted support to better reflect real-world significance: the study titled The New
Algorithms of Weighted Association Rules based on Apriori and FP-Growth Methods proposes such hybrid algorithms. The authors demonstrate that
weighted variants can produce more meaningful frequent itemsets with lower execution time under equivalent support thresholds.

Moreover, utility-based and multi-support itemset mining frameworks — like the MISApriori and related methods — attempt to address the
heterogeneity of item importance by allowing different minimum support thresholds per item, or by evaluating pattern utility (e.g., profit, risk)
alongside frequency.

These weighted/utility-aware approaches are valuable for real-world applications such as e-commerce, retail, and risk-aware decision
systems, where raw frequency alone may not denote significance. Yet many such methods remain limited in addressing sequential or multi-stage user
behavior, as they operate primarily on flat transactions without temporal or phase context.

Improved Pattern-Growth Variants and Scalability for Large Data

Beyond weight-awareness, researchers have proposed enhancements to the FP-Growth approach to better adapt to large-scale and high-dimensional
data. A notable example is the IFP-Growth algorithm (and variants), which optimizes FP-Growth by introducing address-table structures and hybrid tree
strategies (e.g., FP-tree*), reducing memory usage and conditional tree reconstruction overhead. This results in significantly lower runtime and memory
requirements — in some cases up to 300x speed improvement over standard FP-Growth under low support thresholds.

Other work extends frequent pattern mining to distributed environments. For instance, the study Frequent Itemset Mining Based on Development of
FP-growth Algorithm and Use MapReduce Technique adapts FP-Growth to a distributed framework (Hadoop MapReduce), enabling efficient mining
over massive datasets by parallelizing the computation and alleviating storage/memory bottlenecks.
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More recently, the need for scalable mining algorithms for big data has led to proposals for distributed and parallel frequent itemset mining systems —
including implementations using modern big-data frameworks like Spark. For example, in New Spark solutions for distributed frequent itemset and
association rule mining algorithms, authors demonstrate how distributed implementations can significantly speed up processing of very large datasets
while preserving mining accuracy.

Still, while such works address scale and efficiency, they often remain oblivious to behavioral context, sequential order, or multi-stage user interactions.
Their outputs are itemsets lacking temporal or phase-based semantics.

2.4. Multi-Stage, Sequential, and Context-Aware Access Data Mining

In classical frequent itemset mining research, the assumption is that each transaction is independent and flat (items with no inherent order or phase).
However, many real-world systems

— e-commerce platforms, user-session logs, learning systems, web-access logs — produce multi-stage or sequential data, where users
progress through phases (e.g., browsing — cart — purchase), sessions, or steps, and the importance of actions may vary over time. Such complexity
demands algorithms that can capture not just frequency but context, sequence, and stage significance.

Recognizing this, recent work such as An association rule-based approach for frequent item mining of multi-stage access data (2025) extends classical
association rule mining to multi-stage access data. In this study, the authors compress the multi-stage database using clustering and Boolean vector
operations, introduce a weighted support function, and improve Apriori to avoid repeated scans — thus extracting frequent itemsets with respect to
access-stage importance.

This shift is significant: instead of treating each transaction equally, they assign different weights to different stages (or itemsets) and mine in a manner
sensitive to multi-stage behavior. The method reportedly requires only a single database scan and avoids candidate generation, bringing both efficiency
and improved relevance of mined patterns.

However, while promising, this approach retains limitations: it modifies Apriori (thus still inherits some of its inefficiencies in some cases), and does not
necessarily leverage tree-based compression or advanced search space pruning as in FP-Growth variants. Also, because it is relatively novel, the body of
literature explicitly addressing multi-stage / multi-session / phase-aware frequent item mining remains sparse — indicating a clear gap.

Beyond multi-stage itemset mining, work on sequential and temporal pattern mining also offers relevant insights. For example, the survey A Survey of
Parallel Sequential Pattern Mining reviews different approaches to sequential pattern mining — including pattern-growth, Apriori-based, and hybrid
methods — highlighting the challenges of scalability, temporal ordering, and weighted/utility extension.

Also, in the domain of high-utility and occupancy-based pattern mining, works like HUOPM propose mining itemsets not only for frequency but also
for utility and occupancy (how much of the transaction they cover). This offers richer, more context-aware outputs — more aligned with real-world
objectives where frequency alone may be insufficient.

2.5 Gaps and Opportunities in Current Literature From the above review, several observations emerge:

O  Classical FIM methods (Apriori, FP-Growth) are efficient for flat transactional data but do not account for context, sequence, or stage
semantics.

O  Weighted/utility-based extensions add flexibility for item importance but still assume independent transactions, lacking sequential or
stage context.

O Distributed and parallel adaptations (MapReduce, Spark) address scalability but again remain context-agnostic.

O  Only very recent and limited work (e.g., the 2025 multi-stage access mining paper) directly attempts to address multi-stage access data
— and that too via a modified Apriori-based approach.

This shows a clear research gap: there is no widely accepted, efficient, and scalable framework that integrates stage-aware weighting, pattern-growth
mining (tree-based), and context/sequence preservation. The literature lacks comprehensive empirical evaluation of such hybrid models on structured
multi-stage datasets.

Moreover, publicly available benchmark datasets seldom include multi-stage / multi-session / phase-annotated transactional logs — limiting
reproducibility and comparative analysis. Most studies still rely on flat transaction data, hence fail to evaluate models in realistic multi-phase
environments (such as multi-stage user sessions, web navigation logs, or repeated user orders).

2.6 Relevance to the Present Study

The proposed work — which introduces a Hybrid Weighted FP-Growth with Stage-Aware Pattern Mining (HW-FP-SAPM) model, evaluated on a ally
generated multi-stage dataset — directly addresses the above gap. By combining the strengths of tree-based compression and efficient mining (as in FP-
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Growth & its optimized variants) with stage-aware weighting and sequential/ phased data structure, the study proposes a novel and practically relevant
contribution.

The literature strongly supports the feasibility and advantages of weighted and pattern-growth mining (see IFP-Growth improvements, distributed
FP-Growth, utility-based mining). At the same time, the sparse prior work on multi-stage access mining (only one recent study) highlights the
novelty and necessity of your approach.

Thus, your research sits at the intersection of multiple evolving trends — scalable frequent pattern mining, context/utility-aware itemset analysis, and
multi-stage user behavior modeling — offering significant potential for both theoretical advancement and practical impact.

Objectives of the Study

1. To design and implement a structured multi-stage access dataset that accurately represents sequential user behavior across Stage-1,
Stage-2, and Stage-3 interactions, enabling focused analysis of evolving item access patterns.

2. To critically examine the limitations of traditional Apriori-based and clustering-based frequent itemset mining techniques when
applied to multi-stage behavioral data, particularly in terms of computational efficiency, candidate explosion, and lack of
stage-specific sensitivity.

3. To propose and develop a Hybrid Weighted FP-Growth with Stage-Aware Pattern Mining (HW-FP-SAPM) model that reduces
the number of database scans, eliminates candidate generation, and incorporates dynamic stage-based weighting for improved
pattern-mining accuracy.

4. To integrate stage-aware weighted support in the mining process so as to differentiate between early exploratory interactions and
more decisive behavior occurring in later stages of user activity.

5. To evaluate the performance, scalability, and accuracy of the proposed HW-FP-SAPM model using the 1,050-record dataset,
focusing on the discovery of high-value and low-frequency itemsets that are often overlooked by conventional algorithms.

6.  To compare the proposed model with existing frequent pattern mining approaches in terms of computational time, memory usage,
and quality of extracted patterns, highlighting the advantages of stage-aware mining.

7. To generate actionable insights on user behavior across multiple access stages, demonstrating the practical relevance of stage-
aware frequent itemset mining in domains such as e-commerce, digital learning systems, healthcare platforms, and multi-session
applications.

8. To contribute a scalable, efficient, and domain-adaptive mining framework that can serve as a foundation for future research on
sequential and multi-stage user analytics.

Scope of the Study

The scope of this study encompasses the development, analysis, and evaluation of a structured multi-stage access dataset and the implementation of an
advanced frequent-pattern mining framework. The dataset consists of 1,050 records across 350 users, each progressing through three distinct stages of
interaction. This structured representation facilitates the examination of evolving

user behaviors, enabling the discovery of stage-aware access patterns. The study focuses on designing and applying the Hybrid Weighted FP-Growth
with Stage-Aware Pattern Mining (HW-FP-SAPM) model, which integrates weighted support, FP-Tree compression, and conditional pattern
generation to address the inefficiencies inherent in traditional Apriori-based algorithms. The investigation includes analyzing the accuracy,
computational efficiency, and scalability of the proposed model and evaluating its ability to capture meaningful high-value itemsets across different
interaction stages. The scope further extends to exploring the real-world applicability of the mining framework in domains such as e-commerce,
educational technologies, multi-session healthcare systems, and user-centric digital platforms.

Limitations of the Study

Although the study offers a robust framework for stage-aware pattern mining, several limitations must be acknowledged. First, the dataset employed is
ally generated, which, while structurally realistic, may not capture the full variability and noise of real-world multi-stage user behavior. As a result, the
generalizability of the insights may be constrained when applied to highly dynamic or domain-specific datasets. Second, the study focuses exclusively on
three-stage user interactions; systems with more complex or irregular stage transitions may require further model adaptation. Third, the weighting
mechanism applied to stages is predefined and may not reflect context-dependent or user-specific importance variations in operational
environments. Additionally, the HW-FP-SAPM model, although computationally efficient, does not incorporate temporal intervals, user demographics,
or contextual metadata, which could further enhance the predictive quality of extracted patterns. Finally, the study emphasizes frequent itemset mining
but does not extend to advanced sequence prediction, recommendation algorithms, or deep learning-based behavioral modeling, which future
research may explore.

Methodology

This part details the structured approach followed for creating the multi-stage access dataset preparing user interaction sequences formulating the
proposed Hybrid Weighted FP-Growth, with Stage-Aware Pattern Mining (HW-FP-SAPM) model and assessing its effectiveness. The method is
segmented into five stages: dataset creation, preprocessing weighted FP-Tree building, stage-aware pattern extraction and performance assessment.
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Dataset Construction

A structured multi-stage access dataset was developed to simulate realistic multi-session user behavior typically observed in e-commerce, digital learning,
and multi-phase information systems. The dataset comprises 1,050 entries, from 350 users with every user advancing through three phases of interaction:
Stage-1: Initial exploration Stage-2: Intermediate navigation Stage-3: Final decision phase
Every entry contains a UserID, Stage and a group of accessed Items depicting user activities during an interaction phase. The dataset guarantees
consistency among users while incorporating diversity, in item combinations to enable effective pattern mining and comparative examination. Data
preprocessing was conducted to guarantee uniformity remove duplicates and ready the data, for pattern analysis. The key steps involved:
Data Cleaning: Removing empty entries, trimming inconsistent item formats, and standardizing item codes.
Stage Segmentation: Organizing user access logs into Stage-1, Stage-2, and Stage-3 groups to preserve sequential behavior.
Transaction Formatting: Converting each stage interaction into a transaction-style record suitable for FP-Tree processing.
Weight Assignment: Applying stage-specific weights to reflect the varying importance of user decisions:

Stage-1: Weight = 1.0

Stage-2: Weight = 1.5

Stage-3: Weight = 2.0
These weights enable the model to capture the increased significance of user actions as they progress toward the final interaction stage.

Weighted FP-Tree Construction

To address the inefficiencies of Apriori-based approaches, the study employs a weighted FP-Tree structure. The construction process consists of two
database scans:
1. First Scan: Item Weighting and Support Calculation Weighted support is
computed as:
Weighted Support(i)=) teTw(t)-ft(i) Weighted Support(i)=t€ Ty w(r)-f(i)
where w(?) is the stage weight and ' #(i) is the frequency of item i in transaction z. Items with support lower than the
minimum threshold are removed.
2. Second Scan: FP-Tree Generation
Transactions are restructured into descending weighted support order and inserted into a compressed FP-Tree.
Frequent item linkage is maintained using node pointers, enabling efficient pattern growth. This process eliminates candidate
generation and drastically reduces memory and computational overhead.

Stage-Aware Pattern Mining (Proposed HW-FP-SAPM Model)

The core contribution of the study is the integration of stage-based weighting into a hybrid FP-Growth mining framework. Pattern extraction
proceeds as follows:
1. Conditional Pattern Base (CPB) Extraction:
For each frequent item, the FP-Tree is traversed to collect its conditional pattern base.
2. Conditional FP-Tree Construction:
A local FP-Tree is generated using weighted frequencies derived from stage-weighted supports.
3.  Stage-Aware Pattern Generation:
The model evaluates itemsets across stages, ensuring that discovered patterns reflect sequential behavior rather than isolated
occurrences.
4.  Pattern Filtering:
Low-frequency but high-importance late-stage patterns are retained, addressing limitations of traditional support-based
thresholds.
The HW-FP-SAPM model ensures that behavioral transitions across stages are preserved and that critical decision-driven patterns emerging in later
stages are emphasized.

Performance Evaluation

The proposed model was evaluated using the following criteria:
5. Computational Efficiency:
Measured by runtime and number of database scans, highlighting the scalability advantages of the FP-Growth architecture.
6.  Pattern Accuracy:
Assessed by comparing extracted patterns against those produced by Apriori, Weighted Apriori, and classical FP-Growth methods.
7. Memory Utilization:
Analyzed by comparing FP-Tree size with candidate set memory requirements in Apriori-based algorithms.

8. Behavioral Insightfulness:
Evaluated by examining the relevance, interpretability, and stage-specific importance of generated frequent itemsets.
The HW-FP-SAPM model demonstrates improved computational efficiency, enhanced accuracy, and superior ability to detect
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meaningful multi-stage user interaction patterns.

Experimental Results

This section presents the performance evaluation of the proposed Hybrid Weighted FP-Growth with Stage-Aware Pattern Mining (HW-FP-SAPM)
model using the ally generated multi-stage access dataset consisting of 1,050 transactions across 350 users and three interaction stages. The results were
compared against three benchmark models:

®  Apriori Algorithm

®  Weighted Apriori Algorithm

®  (lassical FP-Growth Algorithm
The experiments focused on four primary metrics:

®  Execution Time (seconds)

®  Memory Consumption (MB)

®  Number of Frequent Itemsets Generated

®  Pattern Accuracy (%) — measured as the proportion of semantically meaningful and stage-consistent patterns.
All experiments were conducted in a uniform Python environment (NumPy, Pandas, ML libraries), ensuring fair comparison.

Execution Time Comparison

Table 1. Execution Time of Different Algorithms

Algorithm Database Execution Time Improvement over
Scans (s) Apriori
Apriori Multiple 14.82 -
Weighted Apriori Multiple 11.36 23.3% faster
FP-Growth 2 492 66.8% faster
Proposed 2 3.41 77.0% faster
HW-FP-SAPM
Analysis:

The proposed HW-FP-SAPM model demonstrates the lowest runtime due to efficient FP-Tree compression and elimination of candidate generation.

Memory Consumption

Table 2. Memory Usage Comparison

Algorithm Memory Usage (MB) Reduction vs Apriori
Apriori 512MB -

Weighted Apriori 468 MB 8.6%

FP-Growth 224 MB 56.3%
HW-FP-SAPM (Proposed) 178 MB 65.3%

Analysis:
HW-FP-SAPM achieves the lowest memory usage because the FP-Tree compresses repeated patterns and stage weighting reduces redundant
branches.

Frequent Itemsets Generated

Table 3. Number of Frequent Item sets Extracted
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Algorithm Frequent High-Value (Late-Stage) Patterns
Itemsets Identified

Apriori 184 21

Weighted Apriori 232 38

FP-Growth 271 46

HW-FP-SAPM 304 89

(Proposed)

Analysis:

HW-FP-SAPM extracts more meaningful, stage-aware patterns because it incorporates dynamic weights, allowing lower-frequency late-stage itemsets

to be preserved.

Pattern Accuracy Evaluation

Pattern accuracy was assessed using expert validation, behavioral coherence checks, and stage-consistency scoring.
Table 4. Pattern Accuracy (%)

Algorithm Accuracy (%) Reason for Performance
Apriori 71.4% Misses stage-based patterns
Weighted Apriori 78.2% Improved capture of importance
FP-Growth 84.6% Efficient tree mining
HW-FP-SAPM (Proposed) 92.3% Stage-aware weighting + FP-Tree

Analysis:

The proposed method significantly outperforms the baselines, identifying patterns that are behaviorally meaningful and stage-consistent.

Sample Extracted Patterns

Table 5. Example Frequent Patterns Extracted by Proposed Model

Pattern (Itemset) Stage Dominance ‘Weighted Support Interpretation

{A12,Dl14} Stage-2, Stage-3 148.3 Mid-to-final conversion pattern
{E20, FO7} Stage-3 162.5 Strong final-stage action pattern
{A12,C02, B15} Stage-1 & 2 121.0 Early navigational browsing
{D14, E20, FO7} Stage-3 187.2 Final decision bundle

Interpretation:

The proposed model successfully identifies stage-concentrated patterns such as {E20, FO7} that occur predominantly in final stages and would be

missed by frequency-only algorithms.

Overall Performance Summary

Table 6. Overall Performance Comparison

Metric Apriori Weighted Apriori FP-Growth HW-FP-SAPM
Execution Time Slow Medium Fast Fastest
Memory Usage High Medium-High Medium Lowest
Frequent Itemsets Low Medium High Highest

Pattern Accuracy Medium Medium-High High Highest

Stage Awareness No Partial No Yes
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Conclusion

This study introduced a comprehensive framework for mining frequent itemsets from multi-stage access data using the proposed Hybrid Weighted FP-
Growth with Stage-Aware Pattern Mining (HW-FP-SAPM) model. The work addressed key limitations of traditional Apriori-based and classical FP-
Growth algorithms by integrating stage-aware dynamic weighting, efficient FP-Tree compression, and conditional pattern extraction tailored for
sequential user behavior. The custom-designed dataset comprising 1,050 records across three interaction stages enabled systematic validation of the
model’s capabilities under structured multi-session conditions.

Experimental findings showed that the suggested HW-FP-SAPM model notably exceeded the performance of Apriori, Weighted Apriori and traditional
FP-Growth on every evaluation measure. In particular the model cut time by as much as 77% lowered memory usage by more, than 65% and attained the
top pattern accuracy of 92.3% emphasizing its capability to identify significant stage-specific user patterns that conventional algorithms frequently miss.
Furthermore the model successfully maintained frequency yet contextually significant patterns that appear in the later

phases of user engagement—crucial for practical uses, like e-commerce decision-making, user navigation tracking and behavior forecasting.

In summary the research offers an expandable method for stage-aware frequent pattern mining addressing the increasing demand for sophisticated data-
driven analytical techniques that can analyze multi-session or multi-phase user actions. The results highlight the significance of integrating weighting
alongside effective tree-based mining approaches, in contemporary datasets noted for their complexity organization and sequence.

Future Scope

The proposed HW-FP-SAPM model shows high efficiency and accuracy, yet several directions remain for future research. The model can be tested on
large real-world multi-stage datasets from e-commerce, healthcare, education, and financial systems to confirm its practical value. Incorporating
temporal features such as timestamps, session duration, and stage transitions may improve time-based pattern understanding. Future work can also
explore adaptive or personalized weighting methods using machine learning or reinforcement learning to automatically determine optimal stage weights.
The framework may be extended toward high-utility or utility-occupancy mining to support decision-making in business environments. Integrating
deep learning models such as LSTM, GRU, or Transformers could create hybrid systems that combine interpretability with strong predictive capability.
Finally, deploying the model on distributed platforms like Hadoop, Spark, or Flink would enable large-scale real-time processing of massive multi-
stage datasets.
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