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Abstract—The rising demand for real-time, data-driven 

decision support in retail platforms has underscored the need for 

intelligent systems capable of modeling both behavioral sequences 

and product relationships. This study introduces a hybrid 

architecture for real-time decision support in retailing by coupling 

graph-based learning with conventional machine learning 

methods. Based on Instacart 2017 data, it constructs a 

heterogeneous user-product graph and utilizes GraphSAGE to 

obtain relational embeddings. This combination of embeddings 

and domain-specific features is then fed into an XGBoost classifier 

to predict reorder behavior. Empirical findings show that the 

proposed GraphSAGE+XGBoost model outperforms 

conventional baselines, including the sole XGBoost, Multilayer 

Perceptron (MLP), and Long Short-Term Memory (LSTM) 

models. In particular, the hybrid model outperformed all baselines 

across all metrics, achieving a precision of 0.82, a recall of 0.78, an 

F1-score of 0.76, and a mean Average Precision (mAP) of 0.75. 

Furthermore, within the co-purchase network, product-level 

community identification identified significant clusters (such as 

breakfast staples, health-conscious products, and impulsive 

snacking) that provided insights into customer demographics and 

marketing potential. The experimental analysis comparing the 

proposed GraphSAGE+XGBoost with baseline models, including 

LSTM, XGBoost, and MLP, demonstrates that the proposed 

hybrid model outperforms in terms of modeling accuracy, 

Precision, and generalizability. The system is optimized for real-

time inference and can operate in a dynamic commercial 

landscape, unraveling complex co-purchase behavior and hidden 

consumer communities. 
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I. INTRODUCTION 

In the current digital economy, post-hoc analysis and static 
reporting are no longer the only options available to business 
intelligence systems [1]. As online platforms and transaction-
heavy ecosystems continue to grow rapidly, businesses today 
require real-time decision-support systems that can extract 

meaningful insights from continuous streams of client data [2]. 
In retail and e-commerce settings, in particular, precise, fast, and 
scalable intelligence solutions are crucial for anticipating 
customer demands, personalizing recommendations, and 
optimizing inventory and marketing campaigns [3]. 

Retail transaction logs, such as those on the Instacart 
platform, reveal a complex interplay between behavioral, 
category, and sequential information [4]. Along with what 
clients buy, these statistics also record when, how often, and in 
what circumstances. Models that can go beyond conventional 
feature engineering are needed to utilize such data for predictive 
purposes. 

These models must be able to incorporate both temporal 
patterns and the structural links between users and items. 
Existing models commonly used in this domain—such as 
decision tree ensembles, deep feedforward networks, or 
sequential architectures like LSTM—tend to address only one 
aspect of the data. While XGBoost and MLP models excel at 
handling structured features, they fall short at capturing 
relational dependencies among entities, such as users who 
purchase similar items or products that are frequently bought 
together [5]. Conversely, while LSTM models can model 
ordered sequences, they often overlook the underlying graph 
structure of interactions and may struggle when sequences are 
sparse or highly variable [6]. 

Furthermore, many real-time systems cannot generalize to 
unseen products or users, and they offer limited 
interpretability—both of which are critical in commercial 
applications. The objective of this study is to bridge the gap 
between graph-based representation learning and high-
performance predictive modelling for real-time business 
intelligence. Graph-based methods, such as GraphSAGE, can 
effectively model user-product interactions as nodes and edges 
in a bipartite graph. At the same time, classifiers like XGBoost 
remain essential due to their interpretability, scalability, and 
ability to incorporate domain-specific features. By combining 
these two strengths—relational learning via graph embeddings 

*Corresponding author. 



(IJACSA) International Journal of Advanced Computer Science and Applications,  
Vol. 17, No. 2, 2026 

20 | P a g e  
www.ijacsa.thesai.org 

and structured inference via gradient-boosted trees—our 
proposed model aims to deliver a more accurate and 
generalizable decision-making system suitable for large-scale 
retail platforms. This study presents a hybrid framework for real-
time reorder prediction using the Instacart 2017 dataset. The 
main contributions are summarized below: 

• We created a heterogeneous graph from transactional 
data, defining users and products along with temporal 
and categorical features. 

• We presented a hybrid model that combines GraphSAGE 
embeddings with XGBoost classification, incorporating 
the strengths of structural learning and boosted decision 
trees. 

• We compared our proposed framework against 
established baselines, including LSTM, XGBoost, and 
MLP, demonstrating its superior predictive accuracy and 
generalization. 

• We developed a design optimized for real-time 
inference, supporting decision support applications in 
dynamic commercial environments. 

II. LITERATURE REVIEW 

Recently, the application of Artificial Intelligence (AI) and 
Machine Learning (ML) in retail analytics and business 
intelligence has become quite expensive. All of these issues on 
how these technologies help in decision-making, streamlining 
operations, and how they can help in the unraveling of latent 
consumer behaviors have been the subject of numerous studies. 
This part critically examines advancements over the past few 
years and the practical applications of AI-based methods in 
business analytics, co-purchasing modeling, recommendation 
systems, and customer-behavior prediction across academic and 
industrial settings. Badmus et al. [7] analyzed the applications 
of AI and ML in business analytics and their contribution to 
predictive decision-making, business operations efficiency, and 
real-time information. SAP case studies showed that AI can 
boost conversion rates and optimize resource allocation across 
industries and businesses. 

Chintala and Thiyagarajan [8] emphasized that AI-enhanced 
Business Intelligence (BI) revolutionizes classical business 
analysis by providing real-time insights, predictive analysis, and 
automation. They focused on the importance of using 
technologies such as machine learning and NLP to improve 
decision-making, streamline processes, and reveal previously 
inaccessible patterns, backed by real-world experience. Reddy 
et al. [9] noted that Artificial Intelligence enhances Business 
Intelligence by improving efficiency, automation, decision-
making, and problem-solving. A study conducted by 204 
professionals highlights the growing importance of AI for real-
time data processing and strategic business development in the 
context of big data. Niu et al. [10] proposed the ODM-BDA 
framework, which leverages backtracking and steep 

optimization methods to enhance business intelligence and 
decision-making. According to their simulation results, 
organizations are more effective, better manage risks, and make 
more accurate data-driven decisions. Hanumanth [11] 
introduced a bright idea of an intelligent e-shopping system, 
SmartCart, which allows users to search, in a unified place, 
across different e-commerce stores and compare them in real-
time, providing personalized product suggestions with the 
support of learning user preferences, to overcome most of the 
weaknesses of existing online shopping systems. Farheen and 
Dharani [12] constructed a retail analytics pipeline to reveal 
association rules and customer online buying trends employing 
the Apriori algorithm and cloud-based tools. They used their 
system, augmented with GPT-3.5 Turbo, which reduced error 
rates and provided useful insights into customer feedback for 
marketing, bundling, and inventory management. 

Meftah, Ounacer, and Azzouazi [13] harmonized network 
science and AI, incorporating a centrality measure from a co-
purchase network into ML models to improve customer 
purchase prediction. A Random Forest model they developed 
had an AUC of 0.82, indicating the usefulness of network-based 
characteristics in retail analytics. Ariannezhad et al. introduced 
ReCANet, a specialized neural network for next-basket 
recommendation that explicitly models repeat consumption 
behavior in grocery. 

Ariannezhad et al. [14] introduced ReCANet, a specialized 
neural network for next-basket recommendation that explicitly 
models repeat consumption behavior in grocery. Their 
methodology significantly surpasses state-of-the-art models and 
demonstrates that repeat items, which comprise only ∼1% of the 
catalog, account for more than 54% of the recommendation 
performance. Taken together, the literature explored the 
ushering effects of AI and ML in retail and e-commerce. These 
studies offer a reasonable basis for developing innovative, data-
driven systems, including leveraging business intelligence and 
personalization, improving prediction accuracy with network-
based features, and modeling repeat consumption. 

Nevertheless, though a range of approaches indicate that 
they are effective in particular operations, like association rule 
mining, next-basket processing, or user preference (learning), 
there is still a great chance to clarify these points of view. The 
study will consequently follow up on these findings by 
combining graph-based community detection and centrality 
measures with hybrid machine learning methods to present an 
efficient approach to constructing recommendations that meet 
the requirements of retail analytics. 

III. METHODS AND MATERIALS 

This section outlines the overall methodology of our study, 
encompassing the dataset description, preprocessing steps, and 
the predictive framework adopted. The complete workflow is 
illustrated in Fig.  1, providing a visual summary of the key 
components and processes. 
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Fig. 1. Overall workflow of the research. 

A. Dataset Description 

In this work, we utilized the publicly available Instacart 
Market Basket Analysis 2017 dataset, which provides detailed 
transactional records from an online grocery delivery platform 
comprising over 3 million orders placed by more than 200,000 
unique users [15]. Each user has between 4 and 100 sequential 
orders, capturing their longitudinal purchasing behaviour. Each 
order record includes both the list of purchased products and 
contextual attributes, such as the day of the week, the hour of the 
day, and the number of days since the previous order, enabling 
the modelling of temporal purchasing patterns. Fig.  2 visualizes 
the number of customers, orders, aisles, and products. 

 
Fig. 2. Structure of the dataset. 

The dataset is organized into six structured tables: aisles, 
departments, products, orders, order_products_prior, and 
order_products_train. The aisles provide intermediate-level 
product categories, each with a corresponding aisle identifier, 
while the departments define higher-level department 
groupings. The products contain product metadata, including 
product names, aisle IDs, and department IDs. The order store 
maintains detailed user order histories, including order 
identifiers, user identifiers, order sequence numbers, order 
timing information (day of the week and hour), and the number 
of days since the previous order was placed. The order products 
prior and order products train describe the contents of each 
order, capturing which products were added, the order in which 
they were added to the cart, and whether the same user reordered 
the product. 

B. Data Preprocessing 

Following the first data integration phase, a structured data 
preprocessing strategy was involved to provide analytical 
consistency and model readiness. To find missing attribute 
values and incomplete records, the dataset was thoroughly 
examined. To maintain the integrity of subsequent studies, these 
null items were systematically excluded because they accounted 
for a small portion of the dataset and appeared to be randomly 
distributed. The dataset’s representativeness and statistical 
balance were preserved, while noise was reduced by removing 
sparse and uninformative data. As a result, the final dataset was 
well-structured and free from inconsistencies, making it suitable 
for robust training of machine learning models and the 
deployment of graph-based decision support systems in the 
context of real-time business intelligence. Fig.  3 shows the 
frequency of days of the week vs. hours of the day. 

 
Fig. 3. Frequency of day of week vs hour of day. 

C. Baseline Model 

Three baseline models were selected for comparison, each 
representing a distinct modelling approach: sequential, 
ensemble-based, and feedforward. 

1) LSTM: The Long Short-Term Memory (LSTM) model is 

developed to capture temporal dependencies across ordered 

user interactions, which possesses information across time steps 

and generates predictions using the final hidden state [16]:  
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𝑦 = 𝜎(𝑤𝑇ℎ 𝑇 + 𝑏)                 (1) 

Here, hT indicates the hidden state at the last time step, and 
σ is the sigmoid function. 

2) XGBoost: XGBoost is a gradient-boosted tree model that 

creates an ensemble of regression trees in sequence [17], and 

each tree attempts to minimize the residual error of the previous 

trees: 

𝑦 = ∑ 𝑓𝑡(𝑥)𝑇
𝑡=1                         (2) 

Each function ft denotes a regression tree, and x is the input 
feature vector. 

3) MLP: The Multilayer Perceptron (MLP) consists of fully 

connected layers with nonlinear activations, which transform 

input features through successive linear combinations and 

nonlinearities [18]: 

𝑦 =  𝜎(𝑤𝑇𝜙(𝑊𝑥 + 𝑏) + 𝑏′)               (3) 

where ϕ is a ReLU activation involved in the hidden layer 
output, and σ is a sigmoid function at the output layer. 

D. Proposed Model: (GraphSAGE+XGBoost) Model 

A hybrid framework designed for effective and timely 
decision-making in retail analytics, which combines graph-
based representation learning with a gradient-boosted 
classification model to leverage relational patterns in user-
product interactions alongside engineered behavioural features. 
The framework proceeds in two stages, as depicted in Fig.  4: 

Stage I: Representation learning on user-product graphs 
employing GraphSAGE. 

Stage II: Prediction through a gradient-boosted decision tree 
classifier (XGBoost). 

 
Fig. 4. Architecture of the proposed model. 

1) Graph construction: The Instacart transaction data is 

modeled as a bipartite graph: 

𝑚𝑎𝑡ℎ𝑐𝑎𝑙𝐺 = (𝒱, ℰ)                     (4) 

where nodes define users 𝒰 and products 𝒫 , so that 𝒱 =
𝒰 ∪ 𝒫. An edge 𝒰 ∪ 𝒫.∈ ℰ exists if user 𝒰 purchased product 
𝒫. 

Each node v is defined by a feature vector xv ∈ ℝd Product 
nodes encode department and aisle identifiers, reorder 
frequency, and category popularity. User nodes include metrics 
such as average basket size, purchase timing, and intervals 
between orders. This formulation captures both structural 
relationships and temporal behavior in customer transactions. 

2) Representation learning via GraphSAGE: Node 

embeddings are learned through an inductive aggregation 

mechanism, where each node updates its representation by 

integrating its features with those of its neighbors. Formally, for 

each node v at layer k: 

ℎ𝑣
(𝑘)

= 𝜎(𝑊(𝑘) . 𝐴𝐺𝐺(𝑘) ({ℎ𝑣
(𝑘−1)}∪ {ℎ𝑣

(𝑘−1) ∶

 𝑢𝜖𝒩(𝑣)})         (5) 

where,  ℎ𝑣
(0)

= 𝑥𝑣, AGG(k) is the aggregation function (mean 
aggregator), W(k) is a trainable weight matrix, and σ indicates a 
nonlinear activation function (ReLU). 

The final embedding zv = ℎ𝑣
(2)

 is acquired after two such 
layers, with a hidden dimension of 128. 

3) Interaction modeling and feature fusion: To evaluate the 

potential of a user reordering product p, their embeddings are 

combined as: 

 𝑧(𝑢,𝑝) = [𝑧𝑢  ||𝑧𝑝||𝑧𝑢𝛩𝑧𝑝]       (6) 

where, ∥ signifies concatenation and ⊙ represents 
elementwise multiplication. This joint vector captures both 
individual characteristics and interaction effects. 

This representation is further enhanced by domain-informed 
features derived from transaction history, including reorder 
frequencies, average basket size, time since last purchase, 
product reorder ratios, and department popularity. 

4) Prediction with gradient-boosted trees: The combined 

feature vector is input to a gradient-boosted decision tree model 

(XGBoost), which produces an additive sequence of regression 

trees:  

𝑦(𝑢,𝑝) =  ∑ 𝑓𝑡(𝑧(𝑢,𝑝))𝑇
𝑡=1    (7) 

with ft defining individual regression trees. The training 
objective includes logistic loss connected with regularization to 
control model complexity: 

ℒ (𝑡) = ∑ 𝑙(𝑦𝑖, 𝑦
𝑖

(𝑡−1)
+ 𝑓𝑡(𝑧(𝑢,𝑝)))𝑛

𝑖=1 + 𝛺(𝑓𝑡 )  (8) 

where, 

𝛺(𝑓𝑡) = ΥT +
1

2
𝜆 ∑ 𝜔𝑗

2
𝑗   (9) 

Here, ωj is the score of leaf j in tree f t. The resulting 
prediction 𝑦(𝑢,𝑝) is interpreted as the probability of a reorder 

event. 
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IV. RESULT AND DISCUSSION 

In this section, a detailed assessment of the chosen 
GraphSAGE+XGBoost combination model for real-time retail 
analytics, using the Instacart 2017 data, is presented. This will 
aim to evaluate how the model can be used to predict user-
product reorder behavior by capturing both the time-purchase 
pattern and the structural relationships in user-product 
interactions. This section starts with the predictive evaluation of 
the hybrid model in comparison with three proper baselines: 
LSTM, MLP, and XGBoost, guided using typical 
recommendation metrics. Afterwards, we investigate the 
training and validation behavior of our proposed model to 
evaluate its learning dynamics and generalization ability. Lastly, 
the co-purchase surface of products is investigated in this 
section, using community detection to reveal latent consumer 
groups and behavioral patterns. 

A. Performance Evaluation of Predictive Models 

Table I presents a detailed comparison of four predictive 
models used in next-basket recommendation or co-purchase 
prediction tasks. The evaluation criteria comprise 
Precision@10, Recall@10, F1-score, and Mean Average 
Precision (mAP), all of which are standard evaluation measures 
in recommendation system evaluation that capture both ranking 
satisfiability and relevance of prediction. LSTM achieved 
Precision@10 of 0.76 and a recall@10 of 0.72, indicating 
moderate performance in predicting the sequential dependencies 
of purchase behavior. Nevertheless, its F1-score (0.70) and mAP 
(0.69) indicate that it is not the best at ranking the most relevant 
items at the top in every case. MLP, a feedforward neural 
network, scores higher than LSTM with a Precision@10 of 0.77 
and a Recall@10 of 0.73, which results in an F1-score of 0.71. 
XGBoost, which is a gradient-boosted decision tree model, 
performs better than LSTM and MLP with high scores on all the 
scoring criteria, and particularly on Precision (0.79) and Recall 
(0.74), noting the mode of capturing nonlinear association with 
tabular data, which is one of the additional advantages of the 
model. 

TABLE I.  PERFORMANCE COMPARISON OF DIFFERENT MODELS 

Model Precision@10 Recall@10 
F1-

score 
mAP 

LSTM 0.76 0.72 0.70 0.69 

XGBoost 0.79 0.74 0.72 0.71 

MLP 0.77 0.73 0.71 0.70 

GraphSAGE+XGBoost 

(Proposed) 
0.82 0.78 0.76 0.75 

The GraphSAGE+XGBoost model is the proposed hybrid 
model that shows the overall performance. Using the graph 
structure of the purchase network and GraphSAGE embeddings, 
this model input is fed into the XGBoost classifier. The 
performance gains are dramatic: Precision@10 of 0.82, 
Recall@10 of 0.78, F1- score of 0.76, and mAP of 0.75. These 
measures not only improve the accuracy of recommendations 
but also enhance the ability to rank products as pertinent. The 
addition of a strong gradient-boosting classifier to the graph 
context has significantly improved the comprehensibility of 
basic user-product associations, yielding much more 
personalized and meaningful recommendations. To better 

represent this performance comparison, Fig.  5 provides a clearer 
view of the benefits of the suggested method. 

B. Training and Validation Performance of the Proposed 

GraphSAGE+XGBoost Model   

To determine the learning pattern and generalization ability 
of the proposed hybrid model (GraphSAGE+XGBoost), training 
and validation metrics were monitored, with a maximum of 15 
training epochs. These are Precision and loss, as depicted in 
Fig. 6 and Fig. 7, respectively. 

 
Fig. 5. Visual comparison of different predictive models. 

Fig.  6 shows the curves of the training and validation 
accuracy of the proposed model. The model persistently 
increases in training and validation accuracy by the last epoch to 
about 0.89 and 0.84, respectively. That shows it can learn useful 
features from graph-structured user-product interaction data and 
achieve excellent classification performance with XGBoost. 
The monotonically increasing trendline of the validation 
accuracy suggests good generalization and a low risk of 
overfitting. 

 
Fig. 6. Training and validation accuracy trends over epochs. 

The loss curves during training and verification are set out in 
Fig.  7. The two loss values drop significantly as the epochs 
increase, with the training loss tending towards 0.3 and the 
validation loss towards 0.4. The fact that the curve is declining 
and the difference between the training and validation losses is 
minimal further assures the model's stability and appropriateness 
for recommending tasks that entail intricate interactions. 
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Fig. 7. Training and validation loss trends over epochs. 

The effectiveness of the proposed model in revealing 
meaningful patterns in co-purchase behavior is evidenced by 
these visualizations, which, in turn, yield better performance 
than traditional methods. 

C. Product Co-Purchase Network with Community Detection 

and Edge Weights 

Fig.  8 illustrates a sample of frequently bought-together 
grocery items and creates a co-purchasing network based on the 
sample. The nodes represent products, and the edges indicate co-
purchase relationships; the width of an edge indicates the 
relative frequency of co-purchases. The graph is a good 
representation of most shopping patterns on online platforms 
like Instacart. For example, the relationships with high co-
purchase rates, like Milk Bread, Milk Eggs, and Banana Yogurt, 
are not the only ones at a high level; however, such relationships 
can indicate the possibility of developing repeat consumer 
behavior. 

 
Fig. 8. Product co-purchase network with community detection and edge 

weights. 

The main characteristic of this network is that it 
automatically partitions products into distinct communities via 
modularity optimization. The graph has various colors to 
represent these communities. Remarkably, there is one such 
community, including Milk, Bread, Eggs, and Butter, which 
conveys a traditional image of breakfast or a basic grocery 
basket. The Strawberry, Banana, Yogurt, and cream community 
correspond to another community that falls into the health-
conscious or smoothie-related content basket. The visualization 

already shows core and peripheral products and indicates that 
some, such as Milk, are central hubs, connecting several 
communities. 

This would mean that this type of product may become a 
critical indicator point in the recommendation engines and 
promotional activities. In addition, it is possible to present edge 
labels with precise co-purchase frequencies, which provide an 
even greater opportunity to infer the strength of connections 
between products. This gives a better view of the structure and 
behaviors in consumer buying information, which can be helpful 
in market basket analysis or inventory planning models in online 
retail platforms, as well as consumer personalization strategies. 

D. Expanded Community Analysis in a Diverse Product 

Network 

Fig.  9 extends the discussion of the community detection 
algorithm’s usefulness to a less homogeneous product network. 
The graph includes not only regular grocery items but also 
narrower, health-related products like Tofu, Quinoa, and Lentils. 
The resultant communities are then visualized using a unique 
color map, and the networks are Spring-embedded to capture 
both intra- and inter-community associations. 

 
Fig. 9. Community Detection in Product Co-Purchase Network. 

This elaborate analysis reveals several interesting clusters. 
As an example, there is a community with Milk, Eggs, and 
Cereal, or the essentials of a planetary breakfast. The other 
cluster comprises Tofu, Quinoa, Broccoli, and Lentils, 
representing a vegetable- or vegan-oriented consumer group. In 
the meantime, Chips and Soda have an intimate compact 
community, which is probably a sign of impulse purchase or a 
bundle of snacks. The findings illustrate the effectiveness of the 
community detection method for identifying latent consumer 
segments based on co-purchasing behavior. The clusters might 
present distinct shopper profiles, such as health-centered, cost-
conscious, or indulgent customers. Recognition of these 
communities can have important implications for customized 
marketing, special product packages, and supply chain 
management. Moreover, the size of nodes and the thickness of 
edges still provide an intuitive clue as to the importance of the 
items or the strength of the relation, and the visualization is thus 
both analytically advantageous and simple to decode. 

V. CONCLUSION 

Financial. The research proposed a scalable hybrid model 
that combines graph representation learning with GraphSAGE 
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and an XGBoost gradient-boosted model for real-time decision 
support in retail analytics. The test helped the framework 
measure both structural and behavioral patterns among 
consumers by modelling transactional data from the Instacart 
platform as a bipartite user-product graph. It was noted that the 
proposed model showed considerable enhancements to the 
conventional models of LSTM, MLP, and unaligned XGBoost, 
in predictive accuracy, Precision, Recall, and average mean 
Precision. Moreover, bigram market structure analysis identified 
groups of latent consumer segments and frequently occurring 
co-purchasing activity, yielding a valuable source of actionable 
insights into how stock should be controlled and how products 
could be marketed on a one-to-one basis. 

Nevertheless, there are still some limitations. To begin with, 
the current structure uses a static graph that cannot accurately 
reflect the real-time environment of changing user requirements 
or products under pre-launch. Second, the model fails to include 
either textual or image data, which could enhance product 
representation. 

Third, despite the GraphSAGE+XGBoost architecture's 
effectiveness as an effective middle ground between 
interpretability and accuracy, it may not be possible to extend it 
to ultra-large settings with millions of nodes and dynamic edges 
on some computers due to resource constraints. Also, the 
analysis was restricted to one data set (Instacart). It cannot be 
applied to various retail environments or even other application 
areas. Future directions will focus on overcoming these 
limitations and extending the framework to support dynamic 
graph learning and the inclusion of multimodal data, including 
user reviews and product descriptions. Future work on self-
supervised graph pretraining and contrastive learning methods 
can ultimately help the model achieve high Precision in cold-
start conditions. Besides, online learning processes and 
immediate response chains can be incorporated to maintain 
readiness to change the market grid. Lastly, during model 
implementation in live e-commerce systems, it will be 
practically validated that the model is effective and efficient for 
decision support. 
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