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Abstract – Accurate ranking in session-based 

recommender systems remains a challenge, 

especially in dynamic domains such as e-

commerce and digital news where ranking 

quality directly shapes user satisfaction and 

platform effectiveness. Neural models achieve 

high accuracy but incur heavy computational 

costs, while association rule (AR)-based 

methods are efficient yet struggle to prioritize 

relevant items when multiple candidates share 

similar weights. This study aims to improve the 

ranking quality of AR-based recommendation 

while retaining computational efficiency. A 

lightweight framework, ART-Q (Association 

Rule with Top-k Quartile Filtering), is proposed 

to extend traditional single top-k ranking into 

multiple top-k selection across quartiles. The 

approach follows three phases: (i) modeling—
constructing an association rule dictionary 

from training data, maintaining antecedents as 

keys with consequent sets and rule weights as 

values; (ii) inference—partitioning each 

consequent set into four quartiles and selecting 

top-k items from each, thereby producing a 

multiple top-k recommendation that surfaces 

candidates across weight strata; and (iii) 

evaluation—benchmarking ART-Q against 

non-neural (AR, k-Nearest Neighbor variants) 

and neural baselines (recurrent, convolutional, 

and graph-based models) using standard 

ranking metrics. Experiments on two real-world 

datasets from e-commerce and e-news domains 

show that ART-Q consistently improves hit rate, 

reciprocal rank, and ranking stability while 

preserving computational efficiency. 

Nevertheless, reliance on static quartile 

partitioning and the limited dataset scope 

constrain generalizability. Future work may 

explore adaptive weighting strategies and 

broader validation to strengthen applicability 

across domains. 
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I. INTRODUCTION 
 

Recommender systems (RS) play a critical role 

in digital platforms such as e-commerce and 

online news, where they personalize user 

experiences by suggesting items likely to be of 

interest [1], [2]. A particular challenge arises in 

anonymous platforms where explicit user 

preference data is unavailable. Session-based 

RS have been developed to address this issue by 

leveraging short-term user interactions within a 

session to predict the next items to be viewed in 

real time [3]–[5]. 

 

The urgency of improving these systems lies in 

the fact that ranking quality directly affects user 

engagement and satisfaction: when relevant 

items are placed too low in the recommendation 

list, the likelihood of user engagement 

diminishes, leading to suboptimal experiences 

and reduced platform effectiveness [6], [7]. 

 

Research on session-based RS has produced 

two broad families of methods. Neural models 

such as GRU4Rec [8], NextItNet [9] and SR-

GNN [10] achieve high performance by 

modeling sequential or graph-structured 

dependencies, but their reliance on large 

datasets and significant computational 

resources limits their practicality in real-time 

deployments [4], [11]. Non-neural approaches, 

including Association Rule (AR) mining and k-

Nearest Neighbor (KNN), remain attractive for 

their efficiency and interpretability. Prior 

studies have shown that with proper 

configuration, such methods can even rival or 
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surpass neural models in certain conditions [4], 

[11]. 

 

In general, traditional methods select top-k 

recommendations from a single candidate set, 

typically those with the highest probabilities 

after observing the items in a session [12]–[14]. 

In AR-based methods, items are chosen from 

consequent sets that maximize support—the 

frequency of an itemset in the dataset—and 

confidence—the conditional probability of a 

consequent given the antecedent [15]. 

However, when multiple candidates share 

similar support–confidence values, ranking 

ambiguity arises: relevant items may be ranked 

lower, which reduces Hit Rate (HR), Mean 

Reciprocal Rank (MRR) and Normalized 

Discounted Cumulative Gain (NDCG). In 

addition, traditional AR methods in session-

based recommendation typically rely only on 

the last item in a session as the antecedent 

reference for identifying consequent sets  [11], 

[16], which restricts item coverage and may 

even fail to generate relevant recommendations. 

 

To address these challenges, this study 

introduces Association Rule with Top-k 

Quartile Filtering (ART-Q). ART-Q 

reorganizes consequent sets into four quartiles 

(Q1–Q4) ordered by support–confidence 

weights and selects multiple top-k items across 

them. In addition to selecting candidates from 

each quartile, ART-Q utilizes all items in the 

session as antecedent references to generate 

multiple top-k recommendations per 

consequent set. By diversifying candidate 

coverage in this way, ART-Q aims to reduce 

ranking ambiguity and improve metrics such as 

HR, MRR and NDCG, without substantially 

increasing computational complexity. 

 

The objective of this research is therefore to 

improve the ranking quality of AR-based 

session recommendation in dynamic domains 

while retaining computational efficiency. To 

this end, quartile-based filtering is introduced as 

a refinement strategy, its effectiveness is 

evaluated on two real-world datasets—e-

commerce (YooChoose) and digital news 

(MPM)—and its performance is analyzed at 

both quartile and antecedent levels to provide 

deeper insights into how rule-based 

recommenders can be enhanced for session 

recommendation tasks. 

 

II. RESEARCH METHODS 

 
The general workflow of ART-Q is illustrated 

in Figure 1. Broadly, it is divided into three 

main phases: the Modeling Phase, the Inference 

Phase, and the Evaluation Phase. The details of 

each phase are provided in the following 

subsections. However, before that, the 

formalization of the ART-Q model is outlined 

first. 

 

 
Figure 1. General Workflow of ART-Q method 

 

3.1. Model Formalization 
Given a session 𝑢 = ,1ݔ} ,2ݔ … ,  ௜} of clickedݔ

items, where each ݔi is unique within the set, 

and let ܻ = { 1ܻ, 2ܻ, … } denote the set of 

consequents set ௜ܻ  associated with each ݔ௜ ∈ 𝑢, 

following prior formulations of next-item 

recommendation [9], [17], [18].  

 

ART-Q extends this formulation by aggregating 

rule-based predictions across all antecedents, so 

that the probability distribution accounts for the 

combined influence of every  ݔ௜  and its 

consequents ݕ ∈ ௜ܻ  (the next-item candidates 

for session u). Each pair ݔ௜ → ௜ܻ thus constitutes 

an association rule, and the overall probability 

distribution of recommendations is derived by 

combining these rules, as shown in Equation 

(1). 

(𝑢|ݕ)ܲ  =  ∑ ∑ ௬ ∈௒೔(௜ݔ|ݕ)ܲ × ,௜ݔ)ݓ ௫೔∈௨(ݕ  

(1) 

 

Where ݔ)ݓ௜, (ݕ = ,௜ݔ)݂݊݋ܿ (ݕ × sup(ݕ) 

represents the weight of ݕ relative to ݔ௜. Prior 

literatures of general AR-based methods often 
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employ the Lift metric to indicate the 

correlation strength between x and y [7], [19]–
[22], which is normalizing the rule confidence 

by the support of y, or (ݕݔ)ݐ݂݅ܮ = ௖௢௡௙(௫,௬)sup(௬) .  
However, ART-Q deliberately avoids using Lift 

because such normalization may 

unintentionally penalize the relevance of less 

frequent items. Additionally, this weighting 

approach mitigates uniformity in rule scoring, 

preventing excessive reliance on confidence 

alone. After sorting the items in ௜ܻ by their 

highest weights, they are divided into four 

quartiles ܳ1, ܳ2, ܳ3, ܳ4, where each quartile 

covers a proportion ݌௜, ensuring that ∑ ௜௜=1…4݌ = 1. Recommendations are 

generated by independently selecting top-k 

items from each quartile after ordering items 

within ܳ௜  by their highest weights.  

 

Let ܶ݇݌݋-ܳ௜ represent the set of ݕ௝ ∈ ܳ௜ where ݆ ≤ ݇, with the highest weights in ܳ௜. The 

probability of selecting item y within individual 

quartile ܳ௜, is given in Equation (2): 

,𝑢|ݕ)ܲ  ܳ௜) = ∑ ௜ݔ|ݕ)ܲ , ௜)௫೔∈௨ܳ-݇݌݋ܶ × ,௜ݔ)ݓ  (ݕ

(2) 

 

The total probability across all quartiles is then 

computed in Equation (3): 

,𝑢|ݕ)ܲ  ܳ) =  ∑ ,𝑢|ݕ)ܲ ܳ௝)௝=1…4  

(3) 

 

Given that the recommendation space is 

constrained within ܶ݇݌݋-ܳ௜, the probability for 

an individual antecedent ݔ௜ across all quartiles 

with respect to ܶ݇݌݋-ܳ௜ is defined in Equation 

(4): 

(௜ݔ|ݕ)ܲ  =  ∑ ,௜ݔ|ݕ)ܲ ௜)௝=1…4ܳ-݇݌݋ܶ × ,௜ݔ)ݓ  (ݕ

(4) 

 

Since multiple antecedents contribute to 

session-based recommendations, ART-Q 

computes the total session-level probability by 

aggregating over all antecedents. Thus, the final 

probability is derived in Equation (5): 

(𝑢|ݕ)ܲ  =  ∑ ௫೔∈௨(௜ݔ|ݕ)ܲ  

(5) 

3.2. Modeling Phase 

The modeling phase of ART-Q constructs a rule 

dictionary from the training dataset T, capturing 

relationships between antecedents and their 

corresponding consequent sets. In this 

dictionary, antecedents serve as keys, while 

their consequent sets function as values, 

guiding the recommendation process. The rule 

construction and dictionary formation 

mechanism are outlined as the following steps.  

The first stage involves input formatting, where 

the session data in dataset T is preprocessed to 

ensure that each row corresponds to a unique 

SessionId, containing a sequence of ItemId 

entries ordered by their respective timestamps.  

 

Subsequently, incremental AR mining is 

applied. For each SessionId, the items within 

that session are used to form 1-itemsets and 2-

itemsets through permutation. A frequency 

counter is maintained to increment the 

occurrence of individual items and item pairs 

(x, y). After the counting step, association rules 

of length two are constructed from the mined 2-

itemsets, representing simple item-to-item 

transitions within sessions. An advantage of this 

incremental mining approach is that it enables 

fast and continuous rule construction in 

streaming environments, where transaction data 

arrives session by session [19], [23]. This 

eliminates the need to wait for a full data 

accumulation window (for example one day or 

week) before updating the model. As a trade-

off, the computed support and confidence 

values are approximations, yet they remain 

effective in capturing the relative strength and 

relevance of item associations. 

 

In the final stage, a rule dictionary is formed. 

After processing all sessions in T, a dictionary 

of rules is constructed. Each key corresponds to 

an antecedent item x, and its value is a nested 

dictionary of consequent items y paired with 

their corresponding rule weights ݔ)ݓ,  Since .(ݕ

the supports of x, y, and their co-occurrence (x, 

y) have been collected in step 2, computing this 
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weight is straightforward. The final dictionary 

format is structured as ݔ௜: :1ݕ} ,1ݓ :2ݕ ,2ݓ … }. 
Once all records are processed, the resulting 

rule dictionary fully encapsulates the learned 

model from the session data, serving as the 

foundation for the subsequent inference and 

recommendation phases. 

 

3.3. Inference Phase 

In real-world scenarios, the inference phase 

processes a session 𝑢 = ,1ݔ}  . . . ,  ௜+1} toݔ

generate multiple next-item predictions ݔ௜+1, ,௜+2ݔ ….  However, during the experiment, 

each session u in the test set is split into two 

parts: 𝑢௫  = ,1ݔ}  . . . ,  ௜} representing theݔ

observed antecedents, and ݕ =  ௜+1, serving asݔ

the ground-truth next item. The model aims to 

predict y within the top-k recommendations by 

following these steps. 

 

The process begins with rule consequents 

retrieval. For each antecedent ݔ ∈ 𝑢௫, retrieve 

its set of consequents ܻ  from the rule dictionary, 

where each consequent ݕ ∈ ܻ is already 

associated with a rule weight ݔ)ݓ,  Next, the .(ݕ

consequent set is sorted. All consequent items ݕ ∈ ܻ are sorted in descending order based on 

their rule weights ݔ)ݓ,  yielding a ranked list ,(ݕ

of candidate consequents for each antecedent. 

 

Following the sorting stage, proportional 

quartile partitioning is performed. The ranked 

list of consequent items is partitioned into four 

quartiles: ܳ1, ܳ2, ܳ3, ܳ4 representing segments 

from the highest to the lowest rule weights, 

respectively. Each quartile is assigned a 

proportional weight 1݌ ∶ 2݌  ∶ 3݌  ∶  such ,4݌ 

that ∑ ௜݌ = 1௜=1..4 . This quartile-based 

partitioning serves two primary purposes. First, 

it enables low-scoring but contextually relevant 

consequents, often found in ܳ3 and ܳ4. Second, 

it allows an item near the tail end of a higher 

quartile, such as ܳ2, to be re-ranked into the 

head of a lower quartile ܳ3 under top-k 

selection, thereby increasing its chances of 

inclusion in the final recommendation list. 

 

Subsequently, top-k selection is applied to each 

quartile. From each quartile ܳ௜, a subset of k 

top-ranked items is selected, defined as ܶ݇݌݋-ܳ௜ = ௝ݕ} ∈ ܳ௜  | ݆ ≤ ݇}, where ݕ௝ represents a 

candidate next-item selected within quartile ܳ௜. 

Through this approach, multiple top-k 

recommendations are generated across 

quartiles, ensuring that not only the most 

frequent items but also lower-weighted yet 

contextually relevant candidates are considered. 

Finally, the total recommendation probability is 

computed. The total probability across all 

quartiles is then computed in Equation (3), 

while total probability across all antecedents in 

session u is computed using (5).  

 

3.4.  Evaluation Phase 

To assess the performance of baseline models, 

standard ranking metrics, including HR, MRR, 

and NDCG are employed [13], [24], [25]. 

HR@k quantifies the proportion of sessions 

where the ground-truth item y appears in the 

top-k recommendations [26], [27], as defined in 

Equation (6), which quantifies the proportion of 

sessions where the ground-truth item appears in 

the top-k recommendations. 

݇@ܴܪ  = 1|ܷ| ∑ ௨ܫ) 1 ∈ ܴ௨௞) ௨∈௎  

(6) 

 

MRR measures the average reciprocal rank of 

the first correctly predicted ground-truth item, 

ensuring that highly relevant items appear 

earlier in the recommendation list [11], [27], 

[28]. It is defined in Equation (7): 

݇@ܴܴܯ  = 1|ܷ| ∑ 1rank௨௨∈௎  

(7) 

 

where ݇݊ܽݎ௨ represents the position of the first 

correctly recommended item in session u. A 

higher MRR score indicates improved ranking 

quality, with relevant items appearing closer to 

the top.  

 

On the other hand, NDCG evaluates ranking 

quality and relevance weighting, rewarding 

models that prioritize highly relevant items 

earlier in the list [27]–[29]. It is computed in 

Equation (8) ܰܩܥܦ@݇ = DCG@kܩܥܦܫ@݇ 

(8) 
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where DCG@k is calculated using a 

logarithmic discount factor, ensuring that top-

ranked items contribute more to the final score, 

as defined in Equation (9): 

݇@ܩܥܦ  = ∑ 2௥௘௟ೕ − 1log2(݆ + 1)௝=1…௞  

݁ݎ (9) ௝݈ represents the relevance score of the item 

at position j in the ranked list, where rel_j = 1 if 

the recommended item matches the ground-

truth item, and 0 if otherwise. 

 

These standard metrics are also applied within 

ART-Q to assess recommendation quality at the 

session, quartile, and antecedent levels, as 

detailed in the following explanations. The 

evaluation includes session-level HR which 

uses common HR@k metric as defined in (6). It 

measures whether the ground-truth next-item y 

is successfully identified within any ݇݌݋ݐ-Qi. It 

is defined in Equation (10): 

݇@ܴܪ  = {1, ݂݅ ∃ܳ௜  and ݕ ∈ ௜0, otherwiseܳ-݇݌݋ܶ  

(10) 

 

HR@k is counted as 1 if at least one quartile 

contains y within its top-k items. This metric 

evaluates the overall success of the model per 

session, ensuring that at least one ranked 

quartile includes the actual next-item 

prediction. 

 

In addition, Quartile-Level HR Evaluation (Q-

HR@k) is proposed to measure whether the 

ground-truth next-item appears within the top-k 

items in each quartile independently. This is 

formulated in Equation (11): ܳ-ܴܪ@݇ = {1, ݕ ݂݅ ∈ ௜0, otherwiseܳ-݇݌݋ܶ  

(11) 

Where Q−HR@k is computed separately for 
each quartile ܳ௜. Higher Q-HR@k scores 

indicate broader quartile relevance, ensuring 

that lower-ranked quartiles also contribute 

meaningfully to the recommendation process. 

 

Antecedent-Level HR Evaluation (A-HR@k) is 

also considered. It measures how many 

antecedents within a session contribute to 

identifying the ground-truth next-item. This is 

defined in Equation (12): 

= (௜ݔ)݇@ܴܪ-ܣ  {1, ݂݅ ∃ܳ௜ , ݕ ∈ ௜0, otherwiseݔ ௜ forܳ-݇݌݋ܶ  

(12) 

 

Where ݔ௜ ∈ 𝑢 represents an individual 

antecedent being observed. A-HR@k counts as 

1 for each antecedent that successfully ranks y 

within its top-k predictions across quartiles. 

This metric evaluates the distribution of 

predictive contributions across antecedents, 

ensuring that recommendations are not overly 

dependent on a single antecedent.  

 

It is worth noting that Q-HR and A-HR 

accommodate the model's ability to match 

relevant items across different quartiles through 

distinct antecedents. As a result, a single test 

session may have more than one Q-HR and A-

HR. Consequently, the average Q-HR and A-

HR across the entire test dataset can also exceed 

1 if the total hits surpass the number of test 

sessions. 

 

To assess ranking precision, ART-Q applies 

MRR@k on quartile-specific predictions. It 

applies MRR@k separately to each ݇݌݋ݐ-Qi 

that contains the ground-truth next-item y, 

denoted as ܴܴܯ@݇(݇݌݋ݐ-Qi). The formula, 

adapted from Equation (7), is defined in 

Equation (13) 

= (Qi-݇݌݋ݐ)݇@ܴܴܯ  1|ܷ| ∑ ௨∈௎(Qi-݇݌݋ݐ)௨݇݊ܽݎ1  

(13) 

 

Here, ݇݊ܽݎ௨(݇݌݋ݐ-Qi) is the position of the 

first correctly recommended next-item y within ܶ݇݌݋-ܳ௜. The final session-level MRR@k 

score is determined by selecting the maximum ܴܴܯ@݇(݇݌݋ݐ-ܳ௜) value obtained across four 

quartiles within that session. The overall 

session MRR@k is then computed as the 

average of all session-level MRR@k scores. 

 

Similarly, ܰܩܥܦ@݇(݇݌݋ݐ-Qi) measures 

ranking quality and relevance weighting within 
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each quartile ܳ௜, ensuring that highly relevant 

items appearing earlier receive higher scores. 

This improves the ranking efficiency of 

recommendations. The formula, adapted from 

Equation (8), is defined in Equation (14) 

= (Qi-݇݌݋ݐ)݇@ܩܥܦܰ   (Qi-݇݌݋ݐ)݇@ܩܥܦܫ(Qi-݇݌݋ݐ)݇@ܩܥܦ

(14) 

The principles of ܩܥܦ@݇(݇݌݋ݐ-Qi) and ܩܥܦܫ@݇(݇݌݋ݐ-Qi) remain the same as the 

original version (Equation (9)) ; However, ݁ݎ ௝݈ 

represents the relevance of item y, assigned a 

value of 1 if ݕ ∈  Qi, and 0 otherwise. The-݇݌݋ݐ

final session-level ܰܩܥܦ@݇ score is 

determined by selecting the maximum ܰܩܥܦ@݇(݇݌݋ݐ-Qi) value obtained across four 

quartiles within that session. The overall 

session ܰܩܥܦ@݇ is then computed as the 

average of all session-level scores. 
 
3.5. Pseudocode of ART-Q 

The pseudocode below outlines the main 

phases of the ART-Q framework, showing 

how quartile partitioning is applied in the 

recommendation process. 
 

Pseudocode: ART-Q Recommendation 

Framework 

Input:  

- T = Training dataset of user sessions 

- U = Test dataset of sessions 

- k = top-k recommendation required 

- p1, p2, p3, p4 = proportion of quartiles, 

with sum of pi = 1 

Output: 

- REC # dictionary of all recommendation 

- HR@k, QHR@k, AHR@k, MRR@k, 

NDCG@k # Evaluation metrics 

 

----- Modelling Phase -----  

# incremental rule generation 

1. Initialize: 

FI = {}  #frequent itemset dictionary 

R = {} # rule dictionary 

2. For each session s in T do 

# find all frequent 1-itemsets FI 

For each single item x in s: 

if {x} not in FI: FI[{x}] = 1 

else: FI[{x}] += 1 

# find all frequent 2-itemsets FI 

For each pair {x, y} in s: 

if {x, y}in FI: FI[{x, y}] = 1 

else FI[{x, y}]  += 1 

# Rule dictionary functions as a data model built 

from training data 

3. For 2-itemsets (x, y) in FI: 

support = FI[{x, y}] 

confidence = support / FI[{x}] 

weight w = confidence * FI[{y}] 

if x not in R : R[x] = {} 

R[x][y] = w 

4. Return R and FI 

 

----- Inference and Evaluation Phase ----- 

5. Initialize:  

HR=0, QHR=0, AHR=0, MRR=0, 

NDCG=0 

REC = {} # REC[sid][x][Qi] = Topk_Q, sid 

is the session ID 

 

6. # Session loop 

For each session u in U do 

a. Split u into u_x = {x1,...,xi}, y = xi+1 

b. REC[sid] = {} # dict. for each sid 

c. # Reset per-session counters: 

REC[sid][x] = {} # dict. for each x 

quartile_hit = 0 

antecedent_hit = 0 

session_MRR = 0 

session_NDCG = 0 

d. # Antecedent loop 

For each antecedent x in u_x do 

Y = R[x]  # consequents of x 

Sort Y by w(x,y) in descending order 

Partition Y into quartiles Q = [Q1, Q2, 

Q3, Q4] with proportions p1..p4 

e. # Quartile loop, for generating 

multiple top-k items across quartiles 

For each Qi in Q do 

Topk_Q = select top-k items in Qi 

REC[sid][x][Qi] = Topk_Q 

 

if y in Topk_Q: 

quartile_hit = 1 

antecedent_hit += 1 

 

# Quartile-specific MRR (Eq. 

13) 

rank = position(y in Topk_Q) 
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MRR_Qi = 1 / rank 

# Quartile-specific NDCG (Eq. 

14, 9) 

DCG = DCG(Topk_Q, y) 

IDCG = IDCG(y) 

NDCG_Qi = DCG / IDCG 

 

# Keep the maximum quartile 

score for this session 

session_MRR = 

max(session_MRR, MRR_Qi) 

session_NDCG = 

max(session_NDCG, 

NDCG_Qi) 

 

# End of Quartile loop 

QHR += quartile_hit 

AHR += antecedent_hit 

MRR += session_MRR 

NDCG += session_NDCG 

 

# End Antecedent loop 

    if quartile_hit == 1: HR += 1 

#End of session loop 

 

7. Normalize evaluation metrics: 

HR = HR / |U| # maximum = 1 

QHR = QHR / |U| # may exceed 1 

AHR = AHR / |U| # may exceed 1 

MRR = MRR / |U| # maximum = 1 

NDCG = NDCG / |U| # maximum = 1 

8. Return REC and all evaluation metrics 

 

3.6. Experimental Works Design 
The objective of this experiment is to evaluate 

the performance of ART-Q on two datasets in 

comparison with baseline models. The 

experiment utilizes two datasets from distinct 

domains: (a) The YooChoose dataset (YOO), a 

public e-commerce transaction dataset 

containing user session data from the RecSys 

Challenge 2015; (b) The MPM dataset, which 

was collected from a digital news platform 

through cookie-based logging of user reading 

activities over a two-week period in August 

2024. The cookies captured sequences of news 

article IDs accessed by readers, with session 

lengths varying from very short (one to three 

clicks) to very long, depending on user browser 

settings rather than program constraints. 

Although the dataset is private, it can be made 

available upon request to the authors for 

research purposes. It should be noted that the 

dataset may contain biases due to differences in 

cookie retention policies and the tendency of 

popular articles to appear more frequently in 

user sessions. 

 

These datasets present unique challenges for 

session-based RS. YOO, as an e-commerce 

dataset, features goal-driven interactions where 

users make rapid purchasing decisions based on 

product descriptions and promotions [30]. In 

contrast, MPM represents digital news 

consumption, where user behavior is more 

exploratory, engaging with multiple articles in 

a single session based on evolving interests [1], 

[31]. Moreover, items in each domain exhibit 

distinct characteristics. In e-commerce, product 

availability fluctuates based on inventory levels 

and market trends, while in news platforms, 

article relevance evolves dynamically in 

response to editorial curation, breaking news, 

and audience engagement—factors that 

collectively shape their visibility and impact 

over time [32], [33]. 

 

For experimentation, each dataset is partitioned 

into training and testing sets. Table 1 

summarizes the core characteristics of the 

datasets. For the YOO dataset, the train-test 

split used in this study follows the version 

provided on the official GitHub repository 

maintained by the original authors [34], to 

ensure consistency with prior comparative 

studies. In contrast, the MPM dataset was split 

into training and testing sets using an 

approximate ratio of 85:15. The minimum 

session length is two items; maximum session 

lengths vary per dataset. Two different 

treatments were applied to the MPM-train 

dataset: one using the original session data with 

a maximum length of 421, and the other by 

splitting it into sub sessions with a maximum 

length of 10. The training results were averaged 

from these two treatments. 

 
Table 1 Summary of Datasets Characteristics 

Dataset 
Session 

Number 

Item 

Number 

Min-Max 

Session Length 

YOO-train 1,410,210 28,450 2 - 200 

YOO-test 1,606 2,603 2 - 84 

MPM-train 17,244 31,226 
2 – 421 (orig.),  

and 2 – 10 

MPM-test 3,999 6,494 2 – 10 
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The baseline models for benchmarking include 

Simple AR, SKNN, VSKNN, GRU4Rec, 

NextItNet and SR-GNN. The Python 

implementations for these models are available 

on GitHub [35], maintained by the authors of a 

comparative study on session-based 

recommendation models [4], [11], [36]. For 

brevity, this benchmarking suite is referred to as 

SREC. Notably, NextItNet was also run using 

the original implementation provided by its 

authors on GitHub [34], as it employs a 

different data loading mechanism than the 

SREC suite. The proposed ART-Q framework 

is implemented in Python using Jupyter 

Notebook.  

 

The configuration for each method follows the 

default settings provided by the respective 

authors, as summarized in Table 2. For neural 

models, 10 and 50 epochs were used to control 

the number of training iterations and the best-

performing result was selected as the final 

outcome, while the learning rate (lr) determines 

the step size during optimization. Parameters 

such as layers, kernel size, and dilation reflect 

the architectural depth and the model’s ability 
to capture sequential dependencies [37], [38]. In 

the traditional AR method, minsup = 1 means 

that any itemset appearing at least once is 

included in the recommendation process. No 

minconf threshold was applied, allowing even 

low-confidence rules to be considered [15]. For 

the KNN family—SKNN and VSKNN—the 

parameter k represents the number of 

neighboring sessions used, while n defines the 

number of candidate items considered for 

recommendation. VSKNN employs cosine 

similarity to measure session closeness and 

applies Inverse Document Frequency (IDF) 

weighting to reduce popularity bias and 

enhance recommendation relevance [4], [39]. 

All models are evaluated based on HR@20, 

MRR@20 and NDCG@20. In addition, Q-

HR@20, and A-HR@20 are used exclusively to 

assess ART-Q.  

 

Three complementary evaluation approaches 

were conducted in this study. First, six 

variations in quartile proportions were applied 

to ART-Q across the four segments: (1) V1: a 

uniform distribution with equal weight (0.25) 

assigned to all quartiles; (2) V2–V5: each 

variant emphasized the highest proportion for 

Q1–Q4 (0.7) with 0.1 assigned to the remaining 

quartiles; and (3) V6: a distribution derived 

from empirical observations, where a 

significant portion of target-item hits occurred 

in the third and fourth quartiles. This variation 

experiment was designed as a form of design-

choice ablation, in which alternative quartile-

weighting configurations were systematically 

tested to examine their impact on model 

performance. Similar ablation strategies have 

recently been employed in active learning and 

heuristic optimization to evaluate the effect of 

specific design decisions on overall 

effectiveness  [40], [41]. 

 
Table 2 Models’ Parameters applied to Datasets 

Models Parameters 

GRU4Rec Epoch = 10, 50, lr = 0.08, layers =100 

NextItNet Epoch = 10, 50, lr = 0.001, kernel size 

= 3,  

dilation = [1, 4, 1, 4, 1, 4, 1, 4, 1, 4, 1, 

4], dilation channel = 256  

SR-GNN Epoch = 10, 50, lr = 0.006, hidden_size 

= 100, out_size = 100 

AR minsup = 1, and no minconf applied 

SKNN k = 500, n = 5000 

VSKNN k = 500, n = 5000, sim=cosine, idf = 5 

ART-Q-V1 p1, p2, p3, p4 = 0.25 

ART-Q-V2 (Q1) p1 = 0.7, p2 = 0.1, p3 = 0.1, p4 = 0.1 

ART-Q-V3 (Q2) p1 = 0.1, p2 = 0.7, p3 = 0.1, p4 = 0.1 

ART-Q-V4 (Q3) p1 = 0.1, p2 = 0.1, p3 = 0.7, p4 = 0.1 

ART-Q-V5 (Q4) p1 = 0.1, p2 = 0.1, p3 = 0.1, p4 = 0.7 

ART-Q-V6 p1 = 0.01, p2 = 0.09, p3 = 0.5, p4 = 0.3 

 

Second, the evaluation of baselines and the 

best-performing ART-Q variants on each 

dataset followed established practices in 

session-based recommendation research, such 

as GRU4Rec, SR-GNN, and NextItNet. In line 

with prior works, model performance was 

primarily evaluated using ranking-based 

metrics (HR, MRR, NDCG).  

 

Finally, statistical significance testing was not 

conducted; instead, descriptive statistical 

analysis of the quartiles contributing most to 

metric improvements was provided, offering 

insight into ART-Q’s behavior. Boxplots were 

used to depict the distribution of consequent 

sets and the distribution of hit rates across 

quartiles, thereby highlighting how different 

strata influence ranking quality. This 

complementary analysis reinforces the ablation 

findings by not only showing the effect of 

varying quartile weights but also uncovering the 
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underlying distributional patterns that explain 

ART-Q’s performance gains. Furthermore, this 
analysis revealed specific session cases where 

ART-Q failed to achieve a hit, providing insight 

into its limitations. 

 

The SREC suite and ART-Q framework were 

executed on a laptop with an Intel Core i7 

processor and a GeForce GTX 1650 GPU. In 

contrast, NextItNet was run on Google Colab 

using an A100 GPU in order to accelerate 

training on the YOO dataset, which proved slow 

on the local machine. Although the authors of 

NextItNet recommend splitting long sessions in 

the YOO dataset into sub-sessions [34], this 

strategy was ultimately not pursued due to 

excessive RAM usage, even on the Colab 

server. 

 

III. RESULTS AND DISCUSSION 

 
3.1. Results 
The comparison of ablation results for ART-Q 

variants on the YOO and MPM datasets is 

presented in Figures 2 and 3. The HR, Q-HR, 

and A-HR metrics are combined in the same 

chart, while MRR and NDCG are shown 

separately. 

 

 
Figure 2 Comparative Ablation of ART-Q variants 

on YOO Dataset 

 

 
Figure 3 Comparative Ablation of ART-Q variants 

on MPM Dataset 

 

On the YOO dataset, the ablation study of ART-

Q variants demonstrates how different quartile 

weightings affect performance. With uniform 

proportions (V1: 0.25 each), ART-Q achieves a 

balanced baseline (HR@20 = 0.6357, Q-

HR@20 = 0.6638, A-HR@20 = 1.0081). When 

the weighting is skewed toward the early 

quartiles (V2–V3, with Q1 or Q2 emphasized at 

0.7), HR@20 declines slightly (0.6052–0.6426) 

and both Q-HR@20 and A-HR@20 fall below 

or close to the uniform baseline, indicating 

weaker generalization when recommendations 

rely heavily on top-ranked strata.  

 

In contrast, shifting emphasis toward the later 

quartiles (V4–V5, with Q3 or Q4 emphasized at 

0.7) consistently improves HR@20 (0.6638–
0.6744), Q-HR@20 (0.7136–0.7372), and A-

HR@20 (1.0529–1.0822). Further, the 

empirically derived distribution in V6 (0.01, 

0.09, 0.5, 0.3) delivers the best overall 

performance, with HR@20 = 0.6899, Q-

HR@20 = 0.7958, and A-HR@20 = 1.1183, 

confirming that stronger weighting of deeper 

quartiles enables ART-Q to retrieve relevant 

items that would otherwise be overlooked in 

traditional top-k approaches.  

 

An A-HR value exceeding 1 indicates that 

multiple antecedents contribute to improving 

the hit rate across multiple consequent sets, 

surpassing the number of cases in the test 

sessions. This contribution highlights a key 

distinction from traditional AR, which relies 

solely on the last single antecedent to determine 

the next item. Through the use of multiple 

antecedents across quartiles, ART-Q is able to 

hit the ground-truth item more effectively.  

 

On the MPM dataset, the ablation study shows 

that the uniform distribution (V1) delivers the 

highest overall performance, with the highest 

HR@20 (0.7498), MRR@20 (0.2717), and 

NDCG@20 (0.3260), while also achieving high 

Q-HR@20 (0.8157) and A-HR@20 (0.9676). 

Skewing the weighting toward Q1–Q3 (V2–
V4) leads to consistent reductions across all 

metrics, indicating that overemphasis on early 

quartiles weakens the model’s ability to capture 
the broader dynamics of news consumption.  

 

Emphasizing Q4 (V5) improves HR@20 

(0.7275) and yields relatively high Q-HR@20 

(0.7787), but suffers in MRR@20 (0.2073) and 

NDCG@20 (0.2602), suggesting diminished 

ranking precision despite better retrieval. The 

empirically driven weighting (V6) produces 

moderate results (HR@20 = 0.7001, MRR@20 

= 0.2132, NDCG@20 = 0.2760), outperforming 

skewed early-quartile variants but still lagging 

behind V1.  
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Overall, these findings confirm that balanced 

quartile weighting is effective in dynamic 

domains like news recommendation, where user 

interests are distributed more evenly across 

quartiles. Based on these results, V6 and V1 

were selected for comparison with the 

respective baseline models on the YOO and 

MPM datasets. The comparative results are 

presented in Figures 4 and 5, respectively. 

 

In brief, on the YOO dataset, non-neural models 

such as AR, SKNN, and VSKNN perform 

competitively, while neural models achieve 

slightly higher scores in some metrics but 

without consistent dominance. ART-Q-V6 

attains the overall best performance across HR, 

MRR, and NDCG. On the MPM dataset, neural 

models show weak results, whereas non-neural 

methods perform better, with AR being the best 

baseline. ART-Q-V1, with uniform quartile 

distribution, achieves the best overall 

performance. The underlying reasons for these 

improvements are elaborated in the Discussion 

section. 

 

 
Figure 4 Model Performance on the YOO Dataset 

 

 
Figure 5 Model Performance on the MPM Dataset 

 

3.2. Discussion 
On the YOO dataset, non-neural models such as 

AR, SKNN, and VSKNN perform 

competitively, with VSKNN showing the 

highest results among them (HR@20: 0.6429, 

MRR@20: 0.2952, NDCG@20: 0.4281). 

Surprisingly, their performance on HR@20 

matches or exceeds that of neural models like 

GRU4Rec, NextItNet, and SR-GNN which 

achieve HR@20 of 0.6223, 0.6690, and 0.6789 

respectively.  

 

Among the evaluated neural models, SR-GNN 

achieved the highest Hit Rate (HR@20 = 

0.6789) and NDCG@20 (0.4579), 

demonstrating high capacity in capturing global 

session structure and long-range item 

transitions. NextItNet recorded the highest 

Mean Reciprocal Rank (MRR@20 = 0.3581), 

indicating superior precision in ranking ground-

truth items at early positions—benefiting from 

its convolutional architecture for long-term 

dependencies. GRU4Rec, while earlier in 

design, remained competitive across all metrics 

(HR@20 = 0.6223, MRR@20 = 0.2793, 

NDCG@20 = 0.4128), validating its utility in 

modeling short-term sequential patterns. 

Overall, each neural model exhibited distinct 

strengths depending on the ranking objective, 

but none consistently dominated across all 

metrics. 

 

In contrast, ART-Q-V6, with customized 

quartile proportions (p1 = 0.01, p2 = 0.09, p3 = 

0.5, p4 = 0.3), consistently outperforms all 

baselines, achieving HR@20 = 0.6899, 

NDCG@20 = 0.5436, and a fixed MRR@20 = 

0.7500. Relative to the traditional AR method, 

this corresponds to a +11.9% gain in HR, 

+31.6% in NDCG, and more than a two-fold 

improvement in MRR, highlighting ART-Q’s 
effectiveness in ranking relevant items at earlier 

positions. 

 

On the MPM dataset, neural models exhibited 

notably weak performance across all metrics. 

GRU4Rec achieved only HR@20 = 0.0070, 

MRR@20 = 0.0085, and NDCG@20 = 0.0128, 

indicating limited ability to capture relevant 

next-item signals in a non-sequential, rapidly 

evolving domain. NextItNet, although designed 

for long-range dependencies, recorded the 

highest hit rate (HR@20 = 0.0420) among the 

three, but suffered from the lowest MRR@20 = 

0.0030, suggesting its recommendations were 

rarely positioned near the top. SR-GNN 

achieved slightly better NDCG@20 = 0.0145, 

reflecting modest improvements in ranking 

quality, yet remained suboptimal in both 

retrieval and ranking precision. These results 

highlight the challenge deep learning models 

face in dynamic domains like news 

consumption, where rigid sequential 

assumptions and static embeddings often fail to 

generalize to transient user interests and shifting 

content landscapes. 
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Non-neural models delivered markedly stronger 

performance than their neural counterparts on 

MPM dataset. The AR method achieved the 

highest results across all metrics—HR@20 = 

0.6677, MRR@20 = 0.1383, and NDCG@20 = 

0.2798—highlighting its robustness in 

capturing meaningful item transitions in 

dynamic content environments like digital 

news. While SKNN and VSKNN scored lower 

in retrieval (HR@20 = 0.5286 and 0.5543, 

respectively), they performed comparably in 

ranking quality (MRR@20 ~0.09; NDCG@20 

~0.21). Overall, these results confirm that 

classical rule-based approaches remain highly 

competitive for session-based news 

recommendation, especially when 

responsiveness and ranking consistency are 

prioritized over long-range sequence modeling. 

 

Within ART-Q, among its variants, the uniform 

distribution of V1 produced the most balanced 

results (HR@20 = 0.7498, MRR@20 = 0.2717, 

NDCG@20 = 0.3260), suggesting that user 

interests in news consumption are best captured 

when candidate selection is spread evenly 

across quartiles rather than skewed toward 

specific strata. This highlights the importance 

of quartile design choices in adapting to 

domains characterized by dynamic and fast-

changing content. 

 

Q-HR and A-HR, introduced in this study, 

proved effective in capturing ART-Q’s ability 
to leverage both quartile-level and antecedent-

level contributions. Q-HR quantifies retrieval 

success across quartiles—highlighting how 

relevant items can be ranked within different 

quartile strata—while A-HR reflects the 

contribution of multiple antecedents within a 

session in improving ranking consistency. 

 

The reason behind these achievements is 

revealed through analyses of consequent set 

distributions, rule weights, and hit-rate 

allocation across quartiles. As shown in Figure 

6, consequent set sizes vary substantially, with 

YOO reaching up to 6,863 items (median: 92) 

and MPM up to 8,304 (median: 18), 

underscoring that a single antecedent may 

generate candidate pools spanning several 

orders of magnitude. Such variation makes 

naive top-k selection prone to overfitting 

toward popular consequents. Complementing 

this, Figure 7 shows that rule weights are 

heavily skewed in YOO (Q3 = 3,199) but more 

evenly distributed in MPM (Q3 = 492.6, median 

= 197.1), reflecting domain-specific dynamics: 

high popularity bias in e-commerce versus 

broader topical spread in news. These findings 

directly motivate ART-Q’s quartile-based 

filtering, which distributes attention across 

multiple strata to reduce overconcentration on 

popular items. 

 

 
Figure 6 Comparison of Consequent Items 

Distribution on YOO and MPM 

 

 
Figure 7 Comparison of Rule Weights Distribution 

on YOO (A) and MPM (B) 

 

Figure 8 presents the heatmap of quartile 

contributions in retrieving the ground-truth item 

during inference. Each row corresponds to a test 

session, while columns represent the four 

quartiles. Blue cells denote successful hits and 

yellow cells indicate misses. The visualization 

highlights how the hit distribution is spread 

across quartiles, depending on the dataset and 

the ART-Q variant used. For the YOO dataset, 

results are shown for ART-Q-V6, while for 

MPM the visualization is based on ART-Q-V1, 

both being the best-performing configurations 

for their respective domains.  

 

In YOO (V6), while a majority of hits occur in 

Q1 (56.8%), over 40% arise from Q2–Q4, 
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showing that relevant items often lie beyond the 

highest-weighted rules. In MPM (V1), hits are 

balanced across all quartiles, with nearly half 

retrieved from Q3–Q4, highlighting the 

importance of deeper strata in dynamic 

domains. Interpreted through ablation, these 

patterns confirm that relying solely on Q1 

reduces ART-Q to behavior resembling the 

traditional AR method—overlooking valuable 

signals from lower quartiles and leading to 

weaker retrieval and ranking quality. 

 

 
Figure 8 Comparison of Hit Map for Hit Rate 

Distribution Across Quartiles in YOO (A) and 

MPM (B) 
 

On the other hand, ART-Q also encounters 

cases where test sessions fail to hit the ground-

truth item. Although the train and test sets were 

prepared such that every test item appears in the 

training set to avoid cold-start scenarios, three 

conditions may still lead to misses. First, an 

antecedent x may lack a consequent set 

containing the ground-truth y because the 

pattern (x,y) never co-occurred in the training 

data. Second, the consequent set may contain 

uniform weights, with the ground-truth item 

falling outside the top-k and thus excluded from 

any quartile. Third, while the ground-truth y 

exists in the consequent set, its relatively small 

weight places it beyond the top-k. This 

condition was confirmed when k was increased 

(such as k = 50), and the ground-truth item was 

successfully covered. 

 

Intuitively, the second and third cases could be 

mitigated through adaptive quartile proportions; 

however, the present version of ART-Q applies 

a static and uniform configuration across 

sessions, resulting in unavoidable misses. The 

first case corresponds to a classical cold-start 

scenario, which produces empty 

recommendations [14], [42]. In practice, this 

can be addressed by still offering the available 

top-k items within each quartile, since the 

system does not yet know the ground-truth next 

item in real-world applications. The top-k 

consequent items nevertheless retain contextual 

relevance with the antecedent, since their 

weights are derived from confidence and 

support measures. Even when the ground-truth 

item is absent, these candidates remain 

semantically plausible, reflecting observed co-

occurrence patterns in the training data. This 

property suggests that ART-Q can still provide 

meaningful recommendations, even in cases 

where perfect accuracy is not achieved. 

 

While this study primarily focused on ranking 

quality using standard metrics such as HR, 

MRR, and NDCG, aspects of recommendation 

diversity remain outside its current scope. 

Because the datasets used here consist only of 

anonymized item IDs, diversity could not be 

directly assessed. A more comprehensive 

evaluation would require incorporating item 

metadata—for example, product names and 

descriptions in the e-commerce domain or 

article titles and contents in the news domain. 

Such metadata would enable the measurement 

of content-level diversity, novelty and long-tail 

exposure, complementing the ranking-focused 

evaluation presented in this work. 

 

From a resource utilization perspective, neural-

based methods require significantly longer 

training times. GRU4Rec and SR-GNN demand 

several hours on a standard laptop GPU, while 

NextItNet requires substantial computational 

resources, taking approximately 3.5 hours on a 

Google Colab’s A100 GPU. In contrast, non-

neural approaches, including ART-Q, complete 

training and inference within less than two 

minutes on standard Laptop CPU, making them 

highly efficient and practical for large-scale 

deployments. 

 

IV. CONCLUSION 
 

This study introduced ART-Q, a quartile-based 

ranking framework designed to improve 

recommendation ranking quality in session-

based recommendation systems. Across two 

domains—e-commerce (YOO) and digital news 

(MPM)—ART-Q consistently outperformed 

classical rule-based and KNN baselines, and 

achieved competitive results relative to neural 

models such as GRU4Rec, NextItNet, and SR-
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GNN. By partitioning consequent sets into 

quartiles and applying multiple top-k 

recommendation across these strata, ART-Q 

reduced ranking ambiguity and increased the 

likelihood that relevant items appear earlier in 

the list. This strategy improved Hit Rate, Mean 

Reciprocal Rank, and NDCG, while 

maintaining a lightweight and computationally 

efficient design suitable for real-time 

applications. In addition, new evaluation 

metrics at the quartile and antecedent level were 

introduced, enabling finer-grained analysis 

aligned with the multiple top-k 

recommendation approach. 

 

Nonetheless, several limitations must be 

acknowledged. First, the current 

implementation relies on static quartile 

partitioning, which may limit adaptability to 

evolving session dynamics. Second, the 

datasets used consist only of anonymized item 

IDs, preventing evaluation of content-level 

diversity or novelty beyond ranking-based 

metrics. Third, although training and testing 

splits ensured item overlap, ART-Q still 

encountered cases where ground-truth items 

were not retrieved, reflecting challenges related 

to cold-start and sparse co-occurrence patterns.  

 

Future research can extend ART-Q in several 

directions. One avenue is the development of 

adaptive quartile weighting schemes that adjust 

dynamically to session characteristics or item 

popularity trends. Another is to incorporate 

content metadata (e.g., product descriptions, 

article titles) to evaluate diversity, novelty, and 

long-tail exposure more explicitly, since these 

aspects were beyond the scope of this study.  
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Appendix 

 

 
Figure 1. General Workflow of ART-Q method 

 

 

 

 
Figure 2 Comparative Ablation of ART-Q on YOO Dataset 

 

 

 
Figure 3 Comparative Ablation of ART-Q on MPM Dataset 
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Figure 4 Model Performance on the YOO Dataset 

 

 

 
Figure 5 Model Performance on the MPM Dataset 

 

 

 

 
Figure 6 Comparison of Consequent Items Distribution in YOO and MPM 
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Figure 7 Distribution of Weights in YOO (A) and MPM (B) 

 

 

 

 
Figure 8 Heatmap of Quartiles that hit the target item in YOO (A) and MPM (B) 
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