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Abstract 
Traditional frequent pattern mining algorithms become inefficient in dynamic e-learning environments because newly 
arriving learner interactions require repeated full recomputation. This study proposes the Incremental Intelligent 
Maximal Frequent Itemsets (IIMFIs) framework, which incrementally maintains maximal frequent itemsets while 
incorporating novelty-based post-generation filtering controlled by a threshold 𝜃. Experiments were conducted on the 
Open University Learning Analytics Dataset (OULAD), comprising 180,596 learner-session transactions divided 
chronologically into four batches. At a minimum support of 0.005, the maximal-pattern representation reduced the 
pattern count from 2,597 frequent itemsets to 342 maximal itemsets, corresponding to an 86.8% reduction and a 7.6-
fold compression. Across evaluated support thresholds, IIMFIs-Incremental achieved speedups of 2.31× to 5.86× 
relative to full recomputation. At minSup=0.01, IIMFIs-Incremental required 659 ms compared with 1,071 ms for FP-
Growth and 60,964 ms for Apriori. At minSup=0.005, runtimes were comparable (1,465 ms vs. 1,447 ms), indicating 
that the incremental advantage is more pronounced at moderate support levels. Recommendation evaluation showed 
comparable 𝐹1@10 values between IIMFIs and FP-Growth, while 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛@5 was lower for IIMFIs. Recommendation 
diversity exceeded 0.95 for the evaluated configurations. Novelty filtering served primarily as a computational 
optimization. These findings indicate that IIMFIs provides a compact and efficient approach for maintaining behavioral 
patterns and supporting adaptive e-learning recommendations under the evaluated conditions. 

Keywords: Adaptive Recommendation Systems, Educational Data Mining, Incremental Data Mining, Maximal 
Frequent Itemset Mining, Novelty Filtering. 
 

Introduction 
The proliferation of online learning platforms has 

generated volumes of learner interaction data, 

including clickstream logs, forum posts and 

assessment attempts. These data provide 

behavioral traces that can reveal patterns of 

learner engagement when mined effectively. Such 

patterns support personalised recommendation 

systems, early identification of at-risk students and 

adaptive curriculum design (1, 2). However, e-

learning environments continuously generate new 

interactions, creating computational challenges for 

traditional pattern mining approaches. Frequent 

pattern mining is central to educational data 

mining. Apriori, as implemented in widely used 

data mining libraries such as SPMF (3), identifies 

frequent itemsets through iterative candidate 

generation and repeated database scans, which 

can become computationally expensive for large 

datasets. FP-Growth compresses transactions into 

an FP-tree and mines patterns without candidate 

generation, providing efficiency advantages for 

static datasets (4). Eclat uses a vertical data 

representation and set intersections to calculate 

support (5). Although effective for batch 

processing, they require recomputation when new 

transactions are added. Repeated processing of 

historical data increases computational overhead 

and latency, limiting their suitability for 

continuously updated adaptive systems. 

Unlike retail or web data, educational interactions 

are time-sensitive, with learner behaviours 

evolving across weeks and semesters. Patterns 

observed early in a course may become less 

relevant as learners progress, while new 

behavioural motifs emerge over time. 

Consequently, maintaining an up-to-date pattern 

representation without discarding valuable 

historical knowledge requires more than periodic 

batch execution; it demands a principled 

incremental strategy. A maximal frequent itemset 

is a frequent itemset for which no frequent 

superset exists. Algorithms such as MAFIA (6),  
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FP-Max (7), negFIN (8), DiffNodesets (9), CL-MAX 

(10) and Mi's method (11) produce compact 

representations by retaining only maximal 

frequent patterns. However, maximal mining alone 

does not address incremental updating because 

the historical database may still need to be 

rescanned when new transactions arrive 

Incremental methods such as FUP and FUFP-tree 

(12, 13) update frequent itemsets using newly 

arrived transactions, but they retain all frequent 

itemsets, potentially increasing memory use and 

pattern redundancy. The pre-large concept (14) 

reduces rescanning by buffering new transactions, 

although it does not provide a compact maximal 

representation. Other tree-based methods (15), 

FCFP-tree (16) and fast incremental FP-Growth 

(17) improve update efficiency, while parallel 

optimization approaches (18) further address 

computational performance. Related variants have 

considered weighted maximal patterns (19), 

uncertain data (20) and parallel incremental 

frameworks (21). 

Existing approaches present several limitations for 

continuously evolving e-learning data. First, batch-

oriented methods such as Apriori, FP-Growth and 

Eclat process the complete database during each 

mining execution (3-5), causing repeated process-

ing of historical interactions. Second, maximal 

algorithms such as MAFIA (6) reduce reported 

pattern redundancy but do not by themselves 

maintain discovered knowledge incrementally. 

Third, incremental methods such as FUP (12) and 

FUFP-tree (13) reduce complete recomputation 

but may maintain large collections of frequent 

itemsets, particularly at lower support thresholds. 

Fourth, novelty- (22) or interestingness-based 

(23) approaches provide similarity criteria for 

pattern processing, but do not combine 

incremental maintenance with compact maximal-

pattern representation. These limitations motivate 

a unified approach that addresses computational 

updating and pattern compactness simultaneously 

in evolving educational environments. 

The research gap is the limited empirical 

evaluation of a workflow combining incremental 

pattern-state maintenance, maximal frequent-

itemset representation and structural novelty-

based filtering for adaptive e-learning 

recommendation under chronologically arriving 

transactions. 

The aim is to develop and evaluate IIMFIs as a 

framework for maintaining a compact maximal 

frequent-pattern knowledge base in evolving 

educational data. IIMFIs integrates three 

mechanisms: incremental maintenance, which 

updates stored pattern state using new 

transactions; maximal frequent itemset mining, 

which retains maximal patterns; and novelty-

based post-generation filtering, which controls 

redundant pattern retention. The novelty measure 

is treated only as a computational heuristic and is 

not intended to determine pedagogical relevance, 

semantic importance, or educational value. 

Effectiveness is evaluated across multiple support 

and novelty thresholds using chronologically 

partitioned OULAD transactions. 

The objectives are:  

(a) design an incremental update procedure 

avoiding full historical restarts;  

(b) maintain a compact maximal itemset 

representation;  

(c) quantify novelty filtering effects on runtime 

and pattern redundancy;  

(d) evaluate performance against Apriori, FP-

Growth, Eclat and full IIMFIs recomputation; 

and  

(e) assess whether the compact representation 

preserves recommendation quality and 

diversity.  

The novelty of this study lies in integrating these 

three mechanisms—incremental maintenance, 

maximal extraction and novelty-based filtering—

within a unified workflow, with empirical 

evaluation on chronologically ordered OULAD 

batches. The study distinguishes novelty as a 

computational filtering heuristic rather than a 

semantic pattern-selection or concept-drift 

detection mechanism. 

The main contributions are:  

(i) a unified framework for dynamic pattern 

discovery;  

(ii) an incremental update mechanism avoiding full 

recomputation;  

(iii) a compact maximal-pattern representation 

evaluated across support thresholds; and  

(iv) an empirical analysis of computational 

performance and recommendation quality on 

OULAD. 

Table 1 summarises the methodological position-

ing of IIMFIs against existing approaches. IIMFIs 

combines incremental updates, maximal itemset 
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representation, novelty filtering and redundancy 

control, whereas prior methods such as FUP, FP-

Max and FUFP-tree address only subsets of these 

requirements, highlighting the distinct 

contribution of the proposed framework. 

 

Table 1: Methodological Comparison of Incremental and Maximal Pattern Mining Approaches 

Study/ 

Method 

Incremental 

Update 

Maximal 

Item sets 

Novelty 

Measure 

Redundancy 

Control 

Knowledge 

Preservation 

Structure 

Dynamic 

Dataset 

Support 

Statistical 

Evaluation 

Referen

ces 

Novelty 

Framework 

No No Yes No --- No No (22) 

FUP Yes No No No Frequency 

counts 

Yes Limited (12) 

FP-Growth No No No No FP-tree No Limited (4) 

FP-Max No Yes No Partial MFI-tree No Limited (7) 

FUFP-tree Yes No No No FP-tree Yes Limited (13) 

Pre-large Yes No No No --- Yes Limited (14) 

Proposed 

IIMFIs 

Yes Yes Yes Yes Incremental 

FP-tree + 

PD_IMFIs 

Yes Yes — 

Note: PD_IMFIs = Previously Discovered Interesting Maximal Frequent Itemsets, MFI = Maximal Frequent Itemset, FP = Frequent 
Pattern. 
 

Methodology 
Framework Overview 
The overall architecture of the proposed IIMFIs 

framework is illustrated in Figure 1, which 

comprises offline and online pathways. The offline 

pathway processes historical learner sessions 

from the Learning Management System (LMS) to 

build an initial knowledge base of maximal 

frequent itemsets. The online pathway simulates 

the arrival of new learner interactions by 

processing chronologically ordered batches as 

they become available. New interactions are 

preprocessed and passed to an incremental model 

update component. This component updates 

previously discovered patterns using only newly 

arrived data. Generated maximal frequent itemsets 

are evaluated using a novelty measure before 

being incorporated into the updated knowledge 

base. This evaluation is performed as 

a post-generation filtering step and does not alter 

the FP-Max generation process. The retained 

patterns are then incorporated into the updated 

pattern state and used by the recommendation 

component. 

 

 
Figure 1:  Architecture of the Proposed Framework 

 

Dataset and Data Pre-processing 
Raw interaction logs are cleaned and segmented 

into sessions. Each transaction represents the set 

of distinct learning resources (e.g., course mate-

rials, assessment activities, forum interactions) 

accessed by a single learner within a continuous 

session, where a session is defined as a sequence of 
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activities with inter-event intervals not exceeding 

30 minutes. Duplicate accesses to the same 

resource within a session are removed to 

represent binary occurrence and each resource is 

encoded as an integer. The resulting transactional 

dataset is divided into chronological batches to 

simulate dynamic streaming. 

The Open University Learning Analytics Dataset 

(OULAD) contains detailed learner interactions 

with course materials, assessments and forums. 

After cleaning, the dataset comprised 180,596 

transactions. Data were divided chronologically 

into four batches of 45,149 transactions each. 

Table 2A summarizes the characteristics of the 

processed OULAD dataset used in the incremental 

evaluation. The dataset comprises 180,596 

learner-session transactions, where each 

transaction represents a learner session. The data 

were divided chronologically into four batches of 

45,149 transactions each, ensuring an equal 

distribution of data across the incremental 

evaluation cycles. This structure enables the 

simulation of dynamic streaming conditions in 

which new learner interactions arrive over time. 
 

Table 2A: Summary of the Processed Dataset Characteristics 

Property Value 

Dataset OULAD 

Number of transactions 180,596 

Data representation Transactional sessions 

Number of batches 4 

Batch size 45,149 transactions 
 

Note: OULAD = Open University Learning Analytics Dataset, each transaction corresponds to a learner session. 
 

Incremental Maximal Frequent 

Itemset Mining 
IIMFIs processes the database incrementally over 

a sequence of data batches  𝐷1 , 𝐷2…𝐷𝑖 . When a new 

batch  𝐷𝑖+1 arrives, the framework reuses 

previously discovered maximal frequent itemsets 

maintained in the Previously Discovered Interes-

ting Maximal Frequent Itemsets (PD_IMFIs) repre

sentation. The retained patterns and their stored 

support values are incorporated into an updated 

search structure together with the newly 

processed transactions. 

Conceptually, for an itemset 𝑋, its support in a 

cumulative database of size 𝑁𝑡+1 is defined as 

shown in Equation [1]: 
 

𝑆𝑢𝑝𝑝𝑜𝑟𝑡𝑡+1(𝑋) =
𝐶𝑡+1(𝑋)

𝑁𝑡+1
    [1] 

 

Where, 𝐶𝑡+1(𝑋) denotes the number of transactions containing X up to time 𝑡 + 1 and 𝑁𝑡+1 denotes the 

corresponding cumulative number of transactions. 
 

This definition provides the conventional 

interpretation of support; however, the 

implementation does not recompute this 

cumulative quantity directly from the complete 

historical transaction database. 

 

Algorithm 1: Incremental Maintenance of Maximal Frequent Itemsets 

Input: 

a) 𝑃𝐷_𝐼𝑀𝐹𝐼𝑠_𝑝𝑟𝑒𝑣 – previously retained maximal frequent itemsets with their stored cumulative support 

counts 

b) new batch 𝐷𝑡+1 

c) minimum support minSup 

d) novelty threshold 𝜃 

Output: Updated 𝑃𝐷_𝐼𝑀𝐹𝐼𝑠 

Step 1: Update the cumulative transaction count: 

𝑁𝑡+1=𝑁𝑡+|𝐷𝑡+1| 

Step 2: Compute the cumulative minimum support count: 

𝑀𝑖𝑛𝐶𝑜𝑢𝑛𝑡𝑡+1=⌈𝑚𝑖𝑛𝑆𝑢𝑝×𝑁𝑡+1⌉ 

Step 3: For each previously retained maximal itemset 𝑋 ∈ 𝑃𝐷_ 𝐼𝑀𝐹𝐼𝑠𝑝𝑟𝑒𝑣: 
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a) Compute Δ𝐶𝑡+1(𝑋), the support count of 𝑋 in 𝐷𝑡+1 

b) Update cumulative support: 

𝐶𝑡+1(𝑋)= 𝐶𝑡(𝑋)+ 𝛥𝐶𝑡+1(𝑋), 

c) Compute relative support: 

𝑆𝑢𝑝𝑝𝑜𝑟𝑡𝑡+1(𝑥)=
𝐶𝑡+1(𝑋)

 𝑁𝑡+1
 

d) If 𝐶𝑡+1(𝑋)<𝑀𝑖𝑛𝐶𝑜𝑢𝑛𝑡𝑡+1  mark 𝑋 as inactive and exclude it from the updated pattern set. 

Step 4: Process the new batch 𝐷𝑡+1 to identify item occurrences and previously unseen items for 

construction of the incremental search representation. 

Step 5: Construct a compressed heuristic search representation using the active retained historical 

maximal patterns and their stored support counts, together with transactions from the new batch 𝐷𝑡+1. 

Step 6: Apply FP-Max to generate maximal frequent itemsets from the resulting search representation. 

Step 7: For each generated maximal itemset 𝑌: 

a) Compute maximum Dice similarity against the previously retained historical maximal itemsets 

(𝑃𝐷_ 𝐼𝑀𝐹𝐼𝑠𝑝𝑟𝑒𝑣): 

𝑚𝑎𝑥𝑆𝑖𝑚 = 𝑚𝑎𝑥𝑋∈ 𝑃𝐷_ 𝐼𝑀𝐹𝐼𝑠𝑝𝑟𝑒𝑣
 𝐷𝑖𝑐𝑒(𝑌, 𝑋) 

b) Compute novelty: 

𝑁𝑀(𝑌) = 1 − 𝑚𝑎𝑥𝑆𝑖𝑚 

c) If novelty filtering is disabled, retain 𝑌 unconditionally; otherwise, retain 𝑌 only if 𝑁𝑀(𝑌) ≥ 𝜃. 
Note: For the initial batch, when no previously retained historical patterns exist (𝑯 = ∅), novelty filtering is not applied and the 

generated maximal frequent itemsets are retained as the initial pattern state. 

Step 8: Update 𝑃𝐷_𝐼𝑀𝐹𝐼𝑠 with the retained maximal patterns and their available support information. 

Step 9: Return updated 𝑃𝐷_𝐼𝑀𝐹𝐼𝑠. 
 

Support Evolution Under Incremental Updates 
When a new batch |𝜟𝑫𝒕+𝟏| arrives, the cumulative occurrence count of a previously retained pattern 𝑿 is 

updated as shown in Equation [2]: 
 

𝐶𝑡+1(𝑋)= 𝐶𝑡(𝑋)+ 𝛥𝐶𝑡+1(𝑋)    [2] 
 

Where, 𝜟𝑪𝒕+𝟏(𝑿) denotes the number of occurrences of 𝑿 in the newly arrived batch.  

The updated relative support is given by Equation [3]: 
 

 𝑆𝑢𝑝𝑝𝑜𝑟𝑡𝑖+1= 
𝐶𝑡(𝑋)+ 𝛥𝐶𝑡+1(𝑋)

𝑁𝑡 + 𝛥𝑁𝑡+1
     [3] 

 

Although the cumulative occurrence count cannot 

decrease when transactions are appended, the 

relative support may increase, decrease, or remain 

unchanged depending on the number of new 

occurrences relative to the size of the incoming 

batch. If the updated support falls below minSup, 

the pattern is excluded from the retained maximal 

pattern state. Example: If a pattern occurs in 100 of 

1,000 transactions, its initial support is 0.10. If 200 

new transactions arrive but the pattern occurs 

only 10 additional times, its updated support 

becomes 110/1200=0.0917. Thus, the cumulative 

count increases while the relative support 

decreases. 

Note on Novelty Based Post Generation 

Filtering 
Novelty based filtering is applied as a post 

generation acceptance stage. After FP Max 

generates the maximal frequent itemsets, each 

generated candidate pattern is evaluated against 

previously retained historical patterns using the 

Dice based novelty measure. A generated pattern 

is retained when its novelty score meets the 

threshold θ; otherwise, it is discarded. This 

operation does not alter the FP Max search or 

candidate generation process. Therefore, novelty 

is used as a computational filtering mechanism for 

controlling the retained pattern representation 

rather than as a semantic, pedagogical, or formal 

concept drift detection mechanism. The filtering 

remains heuristic and does not provide a formal 

completeness or set equivalence guarantee. 

Novelty Based Post Generation 

Filtering 
Novelty is used to quantify the structural 

difference between a newly generated maximal 
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frequent itemset and previously retained historical 

patterns.  

For a generated maximal itemset 𝑚 and a previously retained historical maximal itemset ℎ, the Dice 

similarity is defined in Equation [4]: 
 

Dice (𝑠1, 𝑠2)= 
2|𝑚∩ℎ| 

|𝑚|+|ℎ|
     [4] 

 

The novelty of 𝑚 relative to the previously retained pattern set 𝐻 is defined in Equation [5] (24): 
 

NM= (𝑚) = 1 − 𝑚𝑎𝑥
ℎ∈𝐻

𝐷𝑖𝑐𝑒(𝑚, ℎ)    [5] 

 

Thus, a high 𝑁𝑀(𝑚) indicates that the generated 

pattern is structurally different from the most 

similar previously retained pattern. When 

novelty-based filtering is enabled, a generated 

pattern is retained if 𝑁𝑀(𝑚) ≥ 𝜃; otherwise, it is 

discarded. This filtering is applied after FP-Max 

generates the maximal frequent itemsets and 

therefore does not modify the FP-Max search 

process. 

The value of 𝑁𝑀 lies in (0,1), where 0 indicates 

identical itemsets and 1 indicates disjoint itemsets. 

Similar novelty measures have been explored in 

the context of interestingness and unexpectedness 

(24). 

In the current IIMFIs implementation, novelty is 

evaluated after a maximal frequent itemset has 

been generated by the FP-Max procedure.  For a 

newly generated itemset 𝑌, the implementation 

computes its maximum Dice similarity against the 

previously retained historical itemsets 𝐻, as 

shown in Equation [6]: 

 

𝑁𝑀 =  (𝑌)  =  1 − 𝑚𝑎𝑥
𝑋∈𝐻

𝐷𝑖𝑐𝑒(𝑌, 𝑋)   [6] 

 

If novelty filtering is enabled, 𝑌 is retained 

in 𝑃𝐷_𝐼𝑀𝐹𝐼𝑠 only when 𝑁𝑀(𝑌) ≥ 𝜃. If novelty 

filtering is disabled, the generated itemset is 

retained without applying the novelty condition. 

This behavior is implemented in the 

itemset-saving stage after FP-Max generation. 

Importantly, novelty is not used for branch-level 

filtering during FP-Max enumeration in the current 

implementation. Instead, it acts as 

a post-generation pattern-acceptance filter. Thus, 

the novelty threshold determines whether a 

generated maximal pattern is incorporated into 

the maintained PD_IMFIs representation; it does 

not terminate the recursive FP-Max search based 

on the novelty value of an intermediate candidate. 

Recommendation Generation 
For a learner profile 𝑃 (the set of resources the 

learner has accessed) and a candidate unseen 

resource 𝑎, the recommendation score is 

computed as shown in Equation [7]: 

 

𝑠𝑐𝑜𝑟𝑒(𝑎) = ∑
|𝑀∩𝑃|

|𝑀|
𝐼∈𝐼𝑀𝐹𝑠

𝑎∈𝑀
                                  [7] 

 

Where, 

𝑃 is the learner's current profile (set of previously accessed resources), 

𝑎 is the candidate resource to be scored, 

𝑀 is a maximal frequent itemset maintained in the IMFIs set, 

∣ 𝑀 ∩ 𝑃 ∣ denotes the number of resources in 𝑀 that the learner has already accessed, and 

∣ 𝑀 ∣ is the size of the maximal itemset. 
 

Top-kk resources with the highest scores are 

recommended to the learner. The learner profile is 

updated after interaction. This pattern-based 

approach complements existing adaptive learning 

path recommenders (25). Similarity measures 

underlying collaborative filtering have been 

surveyed elsewhere (26). 

 

Time and Space Complexity 
The computational advantage of IIMFIs-Incre-

mental arises primarily from avoiding repeated 

processing of the complete historical transaction 

database rather than from a lower asymptotic 

worst-case complexity than FP-Growth. 

Let 𝛥𝑁 denote the number of transactions in the 

newly arrived batch and 𝐿 the average transaction 
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length. The incremental update component 

requires approximately 𝑂(𝛥𝑁 ⋅  𝐿) processing for 

the newly arrived transactions, together with the 

cost of updating the retained pattern state and 

evaluating newly generated patterns. 

The overall runtime can be conceptually decomposed as Equation [8]: 

 

𝑇𝐼𝐼𝑀𝐹𝐼𝑠  ≈𝑇𝛥𝐷 +𝑇𝑐𝑎𝑛𝑑𝑖𝑑𝑎𝑡𝑒+𝑇𝑛𝑜𝑣𝑒𝑙𝑡𝑦T+𝑇𝑚𝑎𝑥𝑖𝑚𝑎𝑙𝑖𝑡𝑦  [8] 
 

The novelty-filtering component depends on the 

number of generated candidates and the number 

of previously retained patterns. For 𝐶 generated 

candidates and 𝐻 retained historical patterns, a 

direct comparison implementation may require 

approximately 𝑂(𝐶 ⋅  𝐻)) similarity evaluations. 

Consequently, the actual computational benefit 

depends on the size of the retained state and the 

number of generated candidates. 

In contrast, full recomputation repeatedly process-

es the complete accumulated database, whose 

transaction volume increases over time. Therefore, 

although both approaches may have similar 

worst-case combinatorial behavior for 

frequent-itemset enumeration, incremental 

processing can reduce repeated historical data 

access substantially under suitable streaming 

workloads as discussed in Table 2B. 

The space requirement is dominated by the 

retained maximal-pattern state, the structures 

required for candidate generation and the 

temporary representation of the incoming batch. 

Multi-scale FP-tree structures (27, 28) can further 

optimize this trade-off. Thus, the compact maximal 

representation can reduce the stored pattern 

space relative to retaining all frequent itemsets, 

but it does not eliminate the worst-case 

exponential nature of frequent-itemset mining. 
 

Table 2B: Theoretical Comparison of Computational Characteristics (per update cycle) 

Method Main Processing per Update Historical 

Rescanning 

Pattern-Search Worst Case 

Full recomputation Processes 

entire 𝑁𝑡 transactions 

Yes Data-dependent, exponential in distinct items 

FP-Growth (batch) Builds FP-tree from 𝑁𝑡 + mine Yes Data-dependent, exponential in distinct items 

IIMFIs-Incremental Updates retained patterns 

using  𝛥𝑁 only + FP-Max on 

combined state 

No Data-dependent, exponential in distinct items; 

novelty applied as post-generation filtering 

Note: The worst-case exponential complexity is common to all frequent itemset mining algorithms. The practical runtime is highly 

data- and support-dependent. The key distinction of IIMFIs-Incremental is that it avoids rescanning the full historical database by 

maintaining a compact pattern state, but it does not claim formal exactness or completeness from the compact state alone. 
 

Ethical Considerations 
This study used the publicly available and anony-

mized Open University Learning Analytics Dataset 

(OULAD) for secondary analysis. No direct 

interaction with human participants was involved. 

Therefore, ethical approval and informed consent 

were not required for this secondary analysis, in 

accordance with applicable requirements for 

publicly available de-identified data. 

Experimental Setup 
Support thresholds used are 0.05, 0.03, 0.01 and 

0.005. Metrics include execution time, peak 

memory and pattern count. 

Baseline Algorithms 
Baselines are Apriori, FP-Growth and Eclat. All 

baselines were executed using SPMF version 2.51. 

IIMFIs was implemented in Java. Experiments ran 

on an Intel Core i5-6300U CPU, 8 GB RAM, 

Windows 10. 

 

Evaluation Metrics and Statistical 

Analysis 
Recommendation evaluation used a user-based 

collaborative filtering framework with 30 nearest 

neighbors and five recommendations per user. We 

sampled 10,000 training users and 1,000 test 

users. Metrics were 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛@5, Recall@5, 

Normalized Discounted Cumulative Gain at 5 

(NDCG@5), diversity and novelty. For 

recommendation evaluation, 𝐹1@10 is defined as 

the harmonic mean of Precision@10 and 

Recall@10 and is computed at a recommendation 

cut-off of k=10. Jaccard and Coverage are reported 

separately as pattern-level evaluation measures 

and are not part of the recommendation 𝐹1@10 
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definition. No separate pattern-level F1 score is 

computed; pattern quality is assessed directly via 

Jaccard and Coverage. 

All experiments were executed under controlled 

conditions. Recommendation experiments were 

repeated over five independent random train-test 

splits, with the same split used across compared 

methods. Means and standard deviations for 

recommendation metrics were calculated across 

these splits. For runtime measurements, each 

configuration was executed multiple times and 

mean, standard deviation and 95% confidence 

intervals were computed. No formal statistical 

hypothesis tests were performed for all reported 

comparisons; therefore, p-values are not included 

in the main tables and confidence intervals are 

interpreted descriptively. Deterministic pattern 

counts are reported without variance. 

Important note regarding the recommendation 

protocol: In this study, the maximal frequent 

patterns used for recommendation were mined 

from the full cumulative dataset (all learners and 

their interactions) for each support threshold, not 

from the training splits alone. This choice was 

made to evaluate the recommendation potential of 

the patterns themselves, independent of the 

specific training sample. However, the authors 

acknowledge that this constitutes a limitation: it 

may introduce optimistic bias because the patterns 

incorporate information from users who later 

appear in the test set. Therefore, the recommen-

dation results reported later in this study should 

be interpreted as potentially optimistic estimates 

of recommendation performance rather than as 

estimates obtained under a strict train-only 

evaluation protocol. Future work will adopt a 

stricter evaluation protocol in which patterns are 

mined exclusively from the training data. 
 

Results and Discussion 
Dynamic Characteristics of the Data 

Stream 
Table 3 summarizes the characteristics of the four 

chronological batches used in the incremental 

evaluation. Each batch contains 45,149 

transactions, ensuring an equal distribution of data 

across the incremental evaluation cycles. The 

number of unique activities increased gradually 

from 42 in the first batch to 45 in the fourth batch, 

indicating that the fourth batch contains three 

more activity types than the first. The average 

session length remained relatively stable, ranging 

from 6.1 to 6.5 activities per session. These 

variations suggest a gradual evolution in learner 

interaction behavior across the chronological 

sequence, supporting the use of a dynamic, 

incrementally updated pattern representation. 

 

Table 3: Characteristics of the Four Chronological Batches 

Batch Transactions Unique Activities Avg. Session Length 

1 45,149 42 6.2 

2 45,149 44 6.4 

3 45,149 43 6.1 

4 45,149 45 6.5 

Note: Avg. = Average, Session Length refers to the average number of distinct learning activities accessed by a learner within a 
continuous session (inter-event intervals not exceeding 30 minutes). 
 

Overall Mining Performance and 

Pattern Compactness 
Table 4 reports the runtime and memory usage of 

a single execution on the complete dataset, without 

averaging across multiple runs.   At 𝑚𝑖𝑛𝑆𝑢𝑝 =

 0.005, classical algorithms yield 2,597 frequent 

itemsets; IIMFIs retains 342 maximal patterns, an 

approximately 86.8% reduction in retained 

pattern count. At 𝑚𝑖𝑛𝑆𝑢𝑝 =  0.005, Apriori 

required 182 seconds, Eclat consumed 645 MB and 

FP-Growth completed in 1,533 ms but output all 

2,597 frequent itemsets. IIMFIs completed in 6,037 

ms and used 426 MB while retaining only 342 

maximal patterns. IIMFIs provides a substantially 

more compact maximal-pattern representation, 

although this compactness is accompanied by 

additional mining cost at some support thresholds. 
 

Table 4: Mining Performance Comparison on the Full Dataset (Single Full Run) 

Support Algorithm Frequent Patterns Maximal Patterns Time (ms) Memory (MB) 

0.05 Apriori 18 — 1,158 39.1 

0.05 FP-Growth 18 — 900 39.6 

0.05 Eclat 18 — 1,029 121.0 
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0.05 IIMFIs — 15 1,039 121.0 

0.03 Apriori 46 — 2,368 175.3 

0.03 FP-Growth 46 — 756 412.8 

0.03 Eclat 46 — 1,085 247.0 

0.03 IIMFIs — 31 507 247.0 

0.01 Apriori 575 — 25,451 206.0 

0.01 FP-Growth 575 — 758 473.0 

0.01 Eclat 575 — 3,489 374.0 

0.01 IIMFIs — 160 2,011 374.0 

0.005 Apriori 2,597 — 182,056 381.0 

0.005 FP-Growth 2,597 — 1,533 381.5 

0.005 Eclat 2,597 — 8,581 645.0 

0.005 IIMFIs — 342 6,037 426.0 

Note: minSup = Minimum Support, ms = milliseconds, MB = megabytes, IIMFIs = Incremental Intelligent Maximal Frequent Itemsets, 

FP-Growth = Frequent Pattern Growth. 
 

The loss of incremental advantage at very low 

minimum-support thresholds can be attributed to 

the shift in the dominant cost component of IIMFIs-

Incremental. As 𝑚𝑖𝑛𝑆𝑢𝑝 decreases from 0.01 to 

0.005, the number of retained maximal patterns 

(𝑃) increases from 160 to 342 and the candidate 

space expands substantially (from 575 to 2,597 

frequent itemsets). This expansion directly 

increases the cost of two implementation-

dependent components: the novelty-filtering 

overhead, which scales with 𝑂(𝐶 ·  𝑃 ·

 𝐿𝑚𝑎𝑥) and the maximality-update cost, which 

scales with 𝑂(𝑃 ·   𝐿𝑚𝑎𝑥). Consequently, the 

cumulative maintenance overhead approaches the 

cost of a single FP-Growth execution on the 

complete dataset, which benefits from a highly 

compact FP-tree structure under dense data 

conditions without incurring novelty or 

maximality checks. Therefore, the incremental 

approach is most beneficial when the candidate 

space remains moderate (𝑚𝑖𝑛𝑆𝑢𝑝 ≥  0.01), batch 

sizes are relatively small and the data stream is 

continuous. Its advantage diminishes under very 

low support thresholds, large batch sizes, or static 

workloads where a single batch execution suffices. 

Figure 2 illustrates the runtime performance of all 

mining algorithms across different minimum 

support thresholds. As shown in the Figure, Apriori 

exhibits exponential growth in execution time as 

the support threshold decreases, while FP-Growth 

and IIMFIs maintain significantly lower and more 

stable runtimes. IIMFIs achieves competitive 

runtime performance compared to FP-Growth, 

particularly at moderate support levels, while 

providing a substantially more compact pattern 

representation. 
 

 
Figure 2: Runtime of Mining Algorithms at Different Support Thresholds 

 

Figure 3 compares the relationship between 

runtime and the final number of retained patterns 

for each approach. The Figure highlights that 

IIMFIs achieves a favorable trade-off by producing 

far fewer patterns than FP-Growth, with only a 

moderate increase in runtime at very low support 

levels. This indicates that the compact maximal 

representation is achieved without prohibitive 

computational cost. 
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Figure 3: Comparison of Runtime and Final Pattern Count Across Pattern Mining Approaches 

 

Sensitivity to Minimum Support 
The behavior of IIMFIs was evaluated under four 

minimum-support thresholds (minSup = 0.05, 

0.03, 0.01 and 0.005) to examine how increasing or 

decreasing the support requirement affects the 

discovered pattern space. As 𝑚𝑖𝑛𝑆𝑢𝑝 decreases, 

the frequency constraint becomes less restrictive, 

allowing increasingly less frequent combinations 

of learner activities to be considered. Accordingly, 

the number of frequent itemsets increased from 18 

at 𝑚𝑖𝑛𝑆𝑢𝑝 =  0.05 to 2,597 at 𝑚𝑖𝑛𝑆𝑢𝑝 =  0.005. 

The corresponding number of maximal itemsets 

retained by IIMFIs increased from 15 to 342. 

Conversely, increasing 𝑚𝑖𝑛𝑆𝑢𝑝 progressively 

restricts the pattern space. The maximal 

representation removes a larger proportion of 

frequent subsets at lower support levels, as 

reflected by the increase in the 

frequent-to-maximal reduction from 16.7% 

at 𝑚𝑖𝑛𝑆𝑢𝑝 = 0.05 to 86.8% at 𝑚𝑖𝑛𝑆𝑢𝑝 = 0.005. 

Therefore, the compact maximal representation is 

particularly relevant when lower support 

thresholds produce a larger number of redundant 

frequent subsets. 

Impact of the Novelty Threshold 𝜽 
Table 5 reports the effect of the novelty threshold 

θ on IIMFIs at minSup = 0.05. The number of 

maximal patterns remains constant at 15 across all 

evaluated θ values, indicating that novelty filtering 

does not alter the final retained pattern set in this 

configuration. Runtime decreases from 822 ms at 

θ = 0.0 to 402 ms at θ = 0.3, while peak memory 

usage increases substantially from 118.5 MB at θ = 

0.0 to 579.0 MB at θ = 0.7. At lower support 

thresholds, novelty filtering also reduced the 

incremental runtime. These observations suggest 

that the evaluated implementation requires 

additional intermediate storage during similarity-

based filtering at higher thresholds and therefore 

the observed memory variation should be 

interpreted as an implementation-level 

characteristic rather than as a direct consequence 

of the final pattern-set size. 

 

Table 5: Effect of the Novelty Threshold 𝜃 on IIMFIs (minSup = 0.05) 

𝜽 Maximal Patterns Time (ms) Memory (MB) 

0.0 15 822 118.5 

0.1 15 750 125.0 

0.3 15 402 158.8 

0.5 15 635 378.8 

0.7 15 459 579.0 

Note: 𝜃 = Novelty threshold, ms = milliseconds, MB = megabytes, IIMFIs = Incremental Intelligent Maximal Frequent Itemsets. 
 

The pattern reduction ratio is calculated using Equation [9]: 
 

𝑅𝑒𝑑𝑢𝑐𝑡𝑖𝑜𝑛(%) =  
𝐹−𝑀

𝐹
 × 100    [9] 
 

Where, 𝐹 is the number of frequent itemsets generated by the baseline mining algorithm and 𝑀 is the 

number of maximal frequent itemsets retained by IIMFIs. The compression factor is defined as 𝐹/𝑀. 
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Table 6 reports the pattern reduction and 

compression achieved by IIMFIs across the 

evaluated minimum-support thresholds. The 

reduction ratio, calculated using Equation [9], 

increases from 16.7% at minSup = 0.05 to 86.8% at 

minSup = 0.005, while the compression factor 

(F/M) increases from 1.2× to 7.6×. The reduction is 

most pronounced at minSup = 0.005, where the 

number of retained patterns is reduced from 2,597 

to 342. These results indicate that the compact 

maximal representation becomes increasingly 

advantageous at lower support thresholds, where 

the number of redundant frequent subsets grows 

substantially. 
 

Table 6: Pattern Reduction and Compression Across Minimum-Support Thresholds 

Minimum Support Frequent Itemsets 

(FP-Growth) 

Maximal Frequent 

Itemsets (IIMFIs) 

Reduction (%) Reduction (×) 

0.05 18 15 16.7% 1.2× 

0.03 46 31 32.6% 1.5× 

0.01 575 160 72.2% 3.6× 

0.005 2,597 342 86.8% 7.6× 

Note: minSup = Minimum Support, IIMFIs = Incremental Intelligent Maximal Frequent Itemsets, FP-Growth = Frequent Pattern 
Growth. 
 

Incremental Mining Capability 
Table 7 reports the per-batch and cumulative 

runtimes for the incremental version under two 

novelty thresholds (θ = 0.0 and θ = 0.5). Table 7 

provides the per-batch breakdown at minSup = 

0.01. IIMFIs-Incremental completes in 659 ms 

cumulatively, compared with 2,338 ms for IIMFIs-

Full and 1,071 ms for FP-Growth-Full. Pattern 

count stabilizes at 160 after the second batch. 

Figure 4 shows the cumulative runtime. The 

cumulative runtimes of all evaluated algorithms 

under the selected novelty threshold θ = 0.5 are 

reported later in the analysis. 
 

Table 7: Cumulative Runtime and Pattern Evolution for Incremental Mining Across Four Batches (minSup 

= 0.01) 

Batch Cumulative 

Transactions 

IIMFIs-Incremental 

per-batch (ms) 

IIMFIs-Full 

Restart per-

batch (ms) 

FP-Growth-Full 

Restart per-

batch (ms) 

Patterns 

(IIMFIs-Incr) 

1 45,149 248 452 248 158 

2 90,298 201 610 260 160 

3 135,447 120 620 278 160 

4 180,596 90 656 285 160 

Total — 659 (𝜃 = 0.5) / 1,601 

(𝜃 = 0.0) 

2,338 1,071 160 

Note: 𝜃 = Novelty threshold, ms = milliseconds, IIMFIs = Incremental Intelligent Maximal Frequent Itemsets, FP-Growth = Frequent 
Pattern Growth. 
 

Figure 4 presents the cumulative runtime 

comparison over the four chronological batches. 

As depicted in the figure, IIMFIs-Incremental 

maintains a nearly constant low runtime per batch, 

whereas full recomputation (IIMFIs-Full and FP-

Growth-Full) shows increasing cumulative time as 

the dataset grows. This visualisation clearly 

demonstrates the scalability advantage of the 

incremental approach for streaming educational 

data. 
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Figure 4: Cumulative Runtime Comparison 

 

Temporal Evolution and Concept Drift 
The chronological partitioning of OULAD provides 

a controlled simulation of evolving learner 

interactions and allows the incremental behavior 

of IIMFIs to be evaluated across successive 

batches. The observed changes in activity types, 

from 42 to 45 across the four batches, together 

with the emergence and disappearance of some 

maximal patterns, indicate that the retained 

pattern state evolves as new learner interactions 

arrive. 

However, the proposed novelty measure should 

not be interpreted as a formal concept-drift 

detector. It measures structural dissimilarity 

between newly generated patterns and previously 

retained patterns and is used primarily as a 

computational filtering heuristic. Formal concept-

drift detection generally involves dedicated 

monitoring and statistical or distributional 

change-detection mechanisms, such as Adaptive  

Windowing (ADWIN) and Drift Detection Method 

(DDM), which are designed to identify changes in 

evolving data streams (29, 30). 

The present study does not implement an explicit 

changepoint or concept-drift detection 

mechanism, nor does it establish that changes in 

the novelty scores correspond to statistically 

significant changes in learner behavior. Instead, 

the temporal experiments evaluate whether IIMFIs 

can accommodate newly arriving transactions and 

update its retained pattern representation without 

repeatedly recomputing the complete historical 

database. Therefore, the observed temporal 

changes should be interpreted as evidence of 

evolving pattern states and incremental 

adaptation rather than as formal evidence of 

concept drift. 

Formal concept-drift detection, adaptive forgetting 

mechanisms and drift-triggered parameter 

adjustment are therefore identified as directions 

for future work. 
 

Table 8: Recommendation Quality Comparison (minSup = 0.005, k = 5) 

Algorithm Support 𝜣 Precision@5 Recall@5 NDCG@5 Diversity Novelty 

User CF — — 0.1875 0.6353 0.5504 0.8457 0.9978 

FP-Growth 0.005 — 0.1513 0.5164 0.4303 0.8747 0.9983 

IIMFIs 0.005 0.0 0.0206 0.0699 0.0501 0.9676 0.9964 

IIMFIs 0.005 0.7 0.0238 0.0868 0.0575 0.9599 0.9966 

Note: k = number of recommendations; 𝜃 = Novelty threshold; CF = Collaborative Filtering; NDCG = Normalized Discounted 
Cumulative Gain; IIMFIs = Incremental Intelligent Maximal Frequent Itemsets; FP-Growth = Frequent Pattern Growth. 
 

Recommendation Quality 
Table 8 reports recommendation results at minSup 

= 0.005 using Precision@5, Recall@5 and 

NDCG@5, which are computed at k = 5. These 

metrics use a different cutoff from the F1@10 

results reported later in this study and are 

therefore not directly comparable. At k = 5, FP-

Growth achieved substantially higher Precision@5 

[0.1513] than IIMFIs [0.0206–0.0238], corres-

ponding to an approximately 84–86% lower 

Precision@5. This difference is consistent with the 

smaller candidate pool available to the maximal 

pattern representation and with the higher 

recommendation diversity observed for IIMFIs 

(>0.95 vs. 0.87 for FP-Growth). Recommendation 

diversity was additionally evaluated to determine 

whether the compact maximal pattern 

representation resulted in overly homogeneous 
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recommendations. The IIMFIs configurations-

maintained diversity values above 0.95 under the 

evaluated conditions. For example, at minSup = 

0.005, diversity was 0.9676 at θ = 0.0 and 0.9599 

at θ = 0.7. These results indicate that the evaluated 

configurations produced diverse recommendation 

lists, although the observed diversity should be 

interpreted within the specific OULAD-based 

evaluation protocol. Although the reported F1@10 

values were comparable between IIMFIs and FP-

Growth under the evaluated protocol, the IIMFIs 

configurations-maintained recommendation 

diversity above 0.95. The observed relationship 

between compactness and Precision@5 is 

correlational; a direct causal attribution to any 

single factor is not established by the current 

experimental design. 

Extended Statistical Evaluation 
Table 9 reports the mean cumulative runtime over 

four batches, with standard deviation and 95% 

confidence intervals, based on 30 independent 

runs. At minSup = 0.01, IIMFIs-Incremental 

achieves 659 ms versus 60,964 ms for Apriori, 

corresponding to an approximately 92× speedup. 

The confidence intervals show substantial 

differences in cumulative runtime between IIMFIs-

Incremental and the baseline algorithms at several 

support thresholds; however, formal statistical 

significance was not evaluated for these 

comparisons and the intervals are presented as 

descriptive summaries. It is important to 

distinguish Table 4 from Table 9: Table 4 reports a 

single full run on the complete dataset at each 

support level, whereas Table 9 reports the 

cumulative time over four full restarts in the 

incremental simulation. Therefore, the values in 

the two tables are not expected to be identical and 

the cumulative execution time over four batches 

are averaged over 30 runs with confidence 

intervals. 
 

Table 9: Cumulative Execution Time Over Four Batches – Incremental vs. Full Restart (Mean ± Std, 95% 

CI) 

Algorithm minSup = 0.05 minSup = 0.03 minSup = 0.01 minSup = 0.005 

Apriori Full 
1,078 ± 85 

(1,048, 1,108) 

2,551 ± 120 

(2,508, 2,594) 

60,964 ± 2,150 

(60,194, 61,734) 

287,275 ± 5,500 

(281,308, 293,242) 

FP-Growth Full 
810 ± 40 

(796, 824) 

808 ± 38 

(794, 822) 

1,071 ± 50 

(1,053, 1,089) 

1,447 ± 70 

(1,422, 1,472) 

Eclat Full 
1,946 ± 95 

(1,912, 1,980) 

1,821 ± 90 

(1,789, 1,853) 

2,036 ± 110 

(1,997, 2,075) 

2,539 ± 130 

(2,493, 2,585) 

IIMFIs Full (𝜃 =

0.5) 

809 ± 34 

(797, 821) 

826 ± 37 

(813, 839) 

2,338 ± 102 

(2,301, 2,375) 

8,588 ± 212 

(8,417, 8,759) 

IIMFIs Incr (𝜃 =

0.5) 

350 ± 19 

(343, 357) 

347 ± 18 

(340, 354) 

659 ± 27 

(649, 669) 

1,465 ± 57 

(1,445, 1,485) 

Note: CI = Confidence Interval, Std = Standard Deviation, minSup = Minimum Support, ms = milliseconds, IIMFIs = Incremental 
Intelligent Maximal Frequent Itemsets. 
 

Pattern Count and Compactness 
Table 10 presents the final maximal-pattern 

counts produced by IIMFIs-Full, IIMFIs-

Incremental and the baseline algorithms across the 

evaluated support thresholds. At each support 

level, IIMFIs-Incremental produces the same final 

maximal-pattern count as full IIMFIs 

recomputation; for example, at minSup = 0.005, 

both configurations yield 342 maximal patterns, 

compared with 2,597 frequent itemsets produced 

by Apriori, FP-Growth and Eclat. This matching of 

final counts provides evidence of consistency at 

the count level. However, equality of pattern 

counts does not establish set-level equivalence and 

direct comparison of the generated itemset sets 

would be required to confirm exact equivalence. 
 

Table 10: Final Pattern Count Under the Evaluated Support Thresholds 

Algorithm minSup = 0.05 minSup = 0.03 minSup = 0.01 minSup = 0.005 

Apriori / FP-Growth / Eclat 18 46 575 2,597 

IIMFIs Full 15 31 160 342 

IIMFIs-Incremental 15 31 160 342 

Note: minSup = Minimum Support, IIMFIs = Incremental Intelligent Maximal Frequent Itemsets, FP-Growth = Frequent Pattern 
Growth, Eclat = Equivalence Class Transformation. 
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Recommendation Quality 𝑭𝟏@𝟏𝟎 
Table 11 reports the mean 𝐹1@10 values across 

the evaluated support thresholds. IIMFIs (all 𝜃 

variants) and the Apriori/FP-Growth baseline 

produce comparable 𝐹1@10 values at every 

support level, whereas Eclat yields slightly lower 

values. These results indicate that, under the 

reported experimental protocol, the compact 

maximal-pattern representation maintained the 

reported 𝐹1@10 performance relative to FP-

Growth. 
 

Table 11: Mean 𝐹1@10 (± Std) 

Algorithm minSup = 0.05 minSup = 0.03 minSup = 0.01 minSup = 0.005 

Apriori / FP-Growth 0.7143 ± 0.0 0.3571 ± 0.0 0.0342 ± 0.001 0.0077 ± 0.0002 

Eclat 0.5714 ± 0.02 0.2857 ± 0.015 0.0274 ± 0.0015 0.0061 ± 0.0003 

IIMFIs (all 𝜽 variants) 0.7143 ± 0.0 0.3571 ± 0.0 0.0342 ± 0.001 0.0077 ± 0.0002 

Note: 𝐹1@10 = Harmonic mean of Precision@10 and Recall@10, Std = Standard Deviation; minSup = Minimum Support. 
 

Interpretation and Comparison with 

Prior Work 
The incremental version of IIMFIs reduced 

cumulative runtime compared with full IIMFIs 

recomputation under the evaluated settings, while 

the maximal representation reduced pattern 

redundancy and maintained comparable 𝐹1@10 

performance. The pattern representation is 

reduced from 2,597 to 342 at 𝑚𝑖𝑛𝑆𝑢𝑝 =  0.005. 

Novelty threshold 𝜃 affects runtime but not final 

pattern count or 𝐹1@10 in the reported 

experiments. The incremental update mechanism 

achieves substantial speedups compared with full 

recomputation. 

FP-Growth remained competitive in runtime at 

very low support levels, while IIMFIs provided a 

substantially more compact maximal-pattern 

representation. At minSup=0.005, the frequent –  

pattern representation decreased from 2,597 

itemsets to 342 maximal itemsets, corresponding 

to an 86.8% reduction. Under the reported 

recommendation protocol, the 𝐹1@10 values were 

comparable between IIMFIs and FP-Growth, 

although IIMFIs produced lower Precision@5. 

Existing incremental miners such as FUP (12) and 

FUFP-tree (13) lack maximal pattern extraction 

and novelty-aware filtering (22). 

IIMFIs tracks evolving patterns, enabling adaptive 

recommendations without periodic full 

recomputation. High recommendation diversity 

(>0.95) is valuable for broad exposure to learning 

materials. This aligns with recent perspectives on 

adaptive e-learning systems (31). Furthermore, 

emerging techniques in learning style 

identification (32) and adaptive clustering for 

continual learning (33) suggest promising 

directions for extending the current framework to 

incorporate learner-specific behavioral models. 
 

Conclusion 
This study presented the Incremental Intelligent 

Maximal Frequent Itemsets (IIMFIs) framework 

for maintaining a compact maximal frequent-patt

ern representation in evolving e-learning 

transaction data. The term "Intelligent" refers to 

the incorporation of novelty-based heuristic 

filtering; it does not imply a complete AI/ML-based 

mining process. The framework integrates 

incremental state maintenance, maximal frequent

-itemset extraction and novelty-based post-gene-

ration filtering, with novelty explicitly treated as a 

computational optimization rather than as a 

semantic, pedagogical, or formal concept-drift 

detection mechanism. Importantly, IIMFIs is 

presented as a heuristic incremental method; it 

does not claim formal completeness or exact 

set-level equivalence to full recomputation from 

the compact state alone. 

Using 180,596 OULAD learner-session 

transactions divided chronologically into four 

batches, the framework reduced the pattern 

representation from 2,597 frequent itemsets to 

342 maximal frequent itemsets at 𝑚𝑖𝑛𝑆𝑢𝑝 =

0.005, corresponding to an 86.8% reduction and a 

7.6-fold compression factor, as detailed in Table 6. 

Across the evaluated support thresholds and 

configurations, IIMFIs-Incremental achieved 

speedups ranging from 2.31× to 5.86× relative to 

full IMFIs recomputation, as shown in Table 9. 

At 𝑚𝑖𝑛𝑆𝑢𝑝 = 0.01, IIMFIs-Incremental required 

659 ms compared with 2,338 ms for full IIMFIs 

recomputation and 1,071 ms for FP-Growth, as 

reported in Tables 7 and 9. At 𝑚𝑖𝑛𝑆𝑢𝑝 = 0.005, 

however, IIMFIs-Incremental required 1,465 ms 

compared with 1,447 ms for FP-Growth, as shown 

in Table 9, demonstrating that the incremental 

approach is not universally faster than FP-Growth. 
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For recommendation evaluation the reported 

𝐹1@10 values were comparable between IIMFIs 

and FP-Growth under the evaluated protocol, as 

reported in Table 11, while 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛@5 was 

lower for IIMFIs, as shown in Table 8. 

Recommendation diversity remained above 0.95 

for the evaluated IIMFIs configurations. These 

findings indicate that the compact maxi-

mal-pattern representation can preserve the 

reported 𝐹1@10 metric and provide high 

recommendation diversity under the evaluated 

configurations, but they do not establish superior 

recommendation precision. 

Several limitations should be considered. First, the 

evaluation uses a single publicly available dataset 

and the chronological batches simulate an 

incremental environment rather than 

representing a continuously deployed streaming 

system. Second, the compact maximal-pattern 

state does not preserve all historical frequent 

subsets and may therefore omit some lower-level 

co-occurrence information. Third, novelty-based 

filtering is heuristic and no formal completeness 

guarantee is provided. Fourth, the current 

framework accommodates temporal updates but 

does not implement a formal concept-drift 

detection or adaptive forgetting mechanism. Fifth, 

the recommendation evaluation mines patterns 

from the complete dataset under the reported 

protocol, which may introduce optimistic bias 

because information from later observations can 

influence the mined pattern base. Finally, matching 

pattern counts between incremental and full 

recomputation do not establish exact set-level 

equivalence because the actual itemset sets were 

not directly compared. 

Future research should validate IIMFIs on multiple 

educational datasets and real streaming 

environments, investigate scalable support -maint

enance structures and parallel incremental 

implementations and perform direct set-level 

equivalence tests between incremental and 

full-recomputation outputs. Future studies should 

also investigate explicit concept-drift detection 

and forgetting mechanisms, adaptive novelty 

thresholds, learning style identification, adaptive 

clustering techniques and recommendation 

models beyond the current evaluation protocol. 

Restricting pattern mining to training data and 

evaluating recommendations on temporally 

subsequent test data would provide a less 

optimistic assessment of generalization. 
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