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ABSTRACT
Online reviews strongly influence consumer decisions, but fabricated reviews can distort product reputation and reduce trust in e-commerce platforms. This paper presents a proposed graph-based framework for identifying fake reviews by modelling reviewer–product interaction patterns. The approach is motivated primarily by Yu et al. [1], who survey graph-learning methods and explain how review attributes and relationships can be learned together. The proposed design represents reviewers, products, and reviews as different node types connected by typed edges. It extracts textual, rating, temporal, and behavioural features, then applies a heterogeneous graph-learning model to estimate suspiciousness at both review and reviewer levels. Signals such as repeated wording, concentrated activity, unusual rating behaviour, and groups of accounts reviewing overlapping products are considered jointly rather than in isolation. The paper also discusses imbalance, incomplete labels, privacy, explainability, and computational cost. This is a methodology and design paper; no new dataset experiments or performance scores are claimed. A future implementation should be evaluated on a labelled benchmark using precision, recall, F1-score, PR-AUC, and ablation tests. The framework aims to support human review and platform moderation rather than automatically treating every unusual review as fraudulent.
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I. INTRODUCTION
Online shopping platforms depend on customer reviews to communicate product experience, quality, and satisfaction. Consumers use review text, star ratings, and reviewer histories when comparing alternatives. However, some reviews are written to promote or damage a product rather than to report a genuine experience. Such manipulation may be coordinated across accounts and products, making it difficult to identify through text analysis alone. A review can sound natural while its author’s behaviour, timing, rating pattern, or connections to other accounts remain suspicious.
Yu et al. [1] provide the central foundation for this work. Their survey explains that graph learning can combine review attributes with relationships in an online review system, and organizes the research area around fake-review detection, fake-reviewer detection, and fake-review analysis. It also identifies unresolved concerns including imperfect data, explainability, efficiency, and lightweight models. These observations motivate a design that treats a review not as an isolated sentence but as part of a reviewer–product network.
The title uses the phrase “Reviewer Product Instruction Pattern” as supplied for this paper. In the technical discussion, the intended pattern is interpreted as the interaction structure between reviewers and products, including which accounts review which products and when. The proposed system is designed as a research framework, not as a claim that a completed experiment has already achieved a particular accuracy.
A. Problem Statement
Conventional methods may focus on review text, star ratings, or reviewer statistics separately. They can miss coordinated behaviour when several accounts act together, or incorrectly flag an unusual but genuine customer. The problem is to combine content and relational evidence to rank suspicious reviews and reviewers while providing understandable reasons for each prediction.
B. Objectives
• To model reviewer, product, and review entities as a heterogeneous graph.
• To combine linguistic, rating, temporal, and behavioural features with graph relationships.
• To identify suspicious reviews and reviewer accounts using supervised classification and anomaly scores.
• To provide interpretable evidence for moderation and outline a reproducible evaluation plan.
C. Scope and Contributions
The scope is online product-review platforms. The framework considers review-level and reviewer-level predictions and can be extended to seller or product nodes when reliable data are available. Its main contribution is a unified pipeline for graph construction, feature extraction, relation-aware learning, classification, and explanation. It does not assume that any single indicator—such as a burst of reviews or a low rating—proves fraud.
II. METHODOLOGY
The methodology follows a sequence of data preparation, feature extraction, graph construction, representation learning, classification, and explanation. The design draws most heavily on the graph-learning taxonomy and open issues summarized by Yu et al. [1]. Related work on social context [2], reinforced heterogeneous graph neural networks [3], and feature interaction and fusion [4] informs the choice to represent multiple entity types and combine different signals.
A. Data Collection and Pre-processing
Input data may include review text, star rating, timestamp, reviewer identifier, product identifier, and—where permitted—verified-purchase or helpfulness indicators. Data collection must comply with platform terms, privacy requirements, and research ethics. Pre-processing removes exact duplicates, normalizes timestamps and identifiers, handles missing fields, and separates training, validation, and test data by time or by reviewer where possible. This separation reduces leakage that could occur if near-duplicate reviews from the same campaign appear in both training and testing.
B. Feature Extraction
Text features can include token and character n-grams, sentence embeddings, repeated phrases, review length, and semantic similarity to other reviews. Rating features include deviation from a reviewer’s usual rating and the product’s overall rating distribution. Behavioural features include review frequency, account activity bursts, product coverage, and the time gap between reviews. These signals are indicators, not proof: legitimate events such as a product launch can also cause many reviews in a short interval.
C. Heterogeneous Graph Construction
Let G = (V, E, X) denote the review graph, where V is the set of nodes, E is the set of typed edges, and X stores node features. The graph contains reviewer nodes U, product nodes P, and review nodes R. A review node is linked to its author and the product being reviewed. Optional edges can connect reviews with similar text or reviewers with overlapping activity, provided the similarity threshold is validated. Different edge types preserve the meaning of each relationship instead of treating all connections as identical.
Table 1. Main graph entities and relationships
	Element
	Meaning
	Example features / links

	Reviewer node (U)
	Account that submits reviews
	Review count, activity rate, rating variance

	Product node (P)
	Item receiving reviews
	Review volume, rating distribution

	Review node (R)
	Individual review event
	Text embedding, star rating, timestamp

	Authorship edge
	Reviewer → review
	Connects a review to its author

	Target edge
	Review → product
	Connects a review to the reviewed item

	Similarity / co-activity edge
	Review ↔ review or reviewer ↔ reviewer
	Text similarity, shared product activity



D. Graph Representation Learning
A graph neural network aggregates information from connected nodes so that a prediction can reflect both a node’s own features and its neighbourhood. For example, a review embedding can combine its text and rating with information about the reviewer’s history and the product’s review context. A heterogeneous GNN is appropriate because reviewer, product, and review nodes have different meanings and feature types. Attention or relation-specific aggregation can assign different importance to authorship, product-target, and similarity edges.
A simplified layer can be expressed as hᵥ⁽ˡ⁺¹⁾ = σ(W₀hᵥ⁽ˡ⁾ + Σᵣ AGGᵣ({Wᵣhᵤ⁽ˡ⁾ : u ∈ Nᵣ(v)})), where hᵥ is the representation of node v, Nᵣ(v) is the set of neighbours connected through relation r, W terms are trainable parameters, AGG is a neighbour aggregation function, and σ is a nonlinear activation. This expression is a conceptual description; exact layers and hyperparameters must be selected and tested during implementation.
E. Classification and Anomaly Scoring
For labelled data, a classifier can estimate the probability that a review or reviewer belongs to the suspicious class. Binary cross-entropy or a class-weighted loss can be used when genuine reviews greatly outnumber fake ones. If labels are sparse, an anomaly score based on feature or graph reconstruction, clustering, or contrastive representation learning may help prioritize cases for manual inspection. Yu et al. [1] discuss both supervised and unsupervised graph-learning families and emphasize that data quality affects their reliability.
F. Explainability
Each alert should include evidence that a moderator can inspect, such as repeated wording across several reviews, an unusually concentrated time window, a strong deviation from the reviewer’s history, or a suspiciously dense reviewer–product pattern. Explanations should identify which features and relations influenced the score, while avoiding the claim that correlation alone establishes intent. Human review and an appeal mechanism are important safeguards.
III. MODELING AND ANALYSIS
A. Proposed System Architecture
The architecture contains six modules: (1) data input, (2) cleaning and normalization, (3) feature extraction, (4) heterogeneous graph builder, (5) graph-learning and classification engine, and (6) ranked output with explanation. The data input module receives review records. The graph builder connects reviewer and product entities through review events. The learning engine computes representations and scores. Finally, the output module marks cases as low, medium, or high priority for further checking, with thresholds chosen on validation data.
Figure 1. Proposed processing flow
Review dataset (text, rating, reviewer, product, time)
↓
Data cleaning and normalization
↓
Feature extraction (text + rating + behaviour + time)
↓
Reviewer–review–product heterogeneous graph
↓
Relation-aware GNN / anomaly scoring
↓
Review and reviewer classification
↓
Ranked alerts with interpretable evidence
B. Detection Logic
The proposed detection logic has two prediction levels. At review level, the model evaluates whether the review text, rating, time, author history, and product context jointly appear anomalous. At reviewer level, the model aggregates the reviewer’s past activity and connections to other accounts and products. A reviewer may be suspicious even if individual reviews are linguistically fluent; conversely, one unusual review should not automatically label the entire account as fraudulent. Predictions should therefore be calibrated separately for review and reviewer entities.
C. Training Strategy
Where reliable labels exist, the graph is divided into training, validation, and test partitions without sharing test labels with the learning process. Class weighting or balanced sampling can reduce the effect of class imbalance. The validation set is used to choose decision thresholds and tune model complexity. A baseline comparison should include text-only classification, behaviour-only features, a non-graph model using concatenated features, and the proposed graph model. Ablation experiments should remove one feature family or relation type at a time to measure its contribution.
D. Complexity and Deployment
Graph-learning cost depends on the number of nodes, edges, feature dimensions, and sampled neighbours. Large platforms may require mini-batch training, neighbour sampling, periodic graph updates, and caching of stable product features. New reviews can be scored incrementally, while full graph retraining can occur on a schedule. Lightweight deployment should be considered when moderation systems have strict latency or hardware constraints.
IV. RESULTS AND DISCUSSION
This paper defines a proposed framework and literature-grounded analysis; it does not report a newly executed experiment. Accordingly, no accuracy, precision, recall, F1-score, or improvement percentage is invented. The expected benefit is a more complete representation of suspicious activity because review content and reviewer–product relations are considered together. Whether this benefit is achieved must be established empirically using labelled data and fair baselines.
A. Evaluation Plan
Evaluation should report precision, recall, F1-score, area under the precision–recall curve (PR-AUC), and confusion matrices. Precision measures how many flagged cases are actually fake; recall measures how many fake cases are detected. PR-AUC is especially informative when fake reviews are rare. Results should be reported separately for review-level and reviewer-level detection, and across time-based test splits to assess robustness to changing campaigns.
Table 2. Planned evaluation and purpose
	Evaluation item
	Purpose
	Interpretation

	Precision
	Measure reliability of alerts
	High precision reduces false accusations

	Recall
	Measure coverage of labelled fake cases
	High recall finds more suspicious cases

	F1-score
	Balance precision and recall
	Useful summary when both error types matter

	PR-AUC
	Evaluate ranking across thresholds
	Useful for imbalanced classes

	Ablation study
	Remove features or edge types in turn
	Shows which components add value

	Temporal test split
	Test on later reviews
	Checks robustness to changing behaviour



B. Comparison with Related Work
Yu et al. [1] provide the broadest conceptual foundation among the references used here: they survey graph-learning methods, datasets, supervised and unsupervised approaches, and challenges. The social-context GNN study [2] demonstrates the relevance of social relationships and a two-stage framework in a discussion-forum setting; its setting should not be assumed identical to product-review platforms. Zhao et al. [3] focus on heterogeneous relations and reviewer camouflage, supporting the need to represent different entity types. The feature interaction and fusion model [4] emphasizes the combination of review text and ratings in a heterogeneous graph. Duma et al. [5] systematically review GNN-based work and discuss unresolved limitations. The proposed design combines these ideas into a reviewer–product interaction pipeline.
Table 3. Literature comparison
	Reference
	Focus
	Relevance to proposed framework
	Caution

	Yu et al. [1], 2022
	Survey of graph learning for fake reviews
	Primary foundation: taxonomy, graph methods, datasets, open issues
	Survey; not a new result for this proposed model

	Social-context GNN [2], 2023
	Reviewer detection using social context
	Motivates relational and multi-stage modelling
	Discussion-forum context differs from e-commerce

	Zhao et al. [3], 2023
	Reinforced heterogeneous GNN
	Motivates heterogeneous relations and camouflage awareness
	Model design needs independent validation

	Feature interaction and fusion [4], 2024
	Feature fusion with heterogeneous graph convolution
	Motivates joint use of text and rating features
	Publisher metadata should be checked before final submission

	Duma et al. [5], 2025
	Systematic review of GNN-based methods
	Supports discussion of limitations and future research
	Review findings depend on the covered literature period



C. Expected Advantages
First, graph modelling can capture collective patterns that are invisible in a single review. Second, heterogeneous nodes and relations can preserve distinctions among reviewer history, product context, and review content. Third, feature fusion allows behavioural and linguistic evidence to complement each other. Fourth, an explanation module can make the output more useful for moderation than a score without evidence. These are expected design advantages, not experimentally verified claims for the present paper.
D. Limitations and Ethical Considerations
Graph models are vulnerable to missing or noisy relationships, incorrect labels, coordinated evasion, and distribution shift. Publicly available datasets may not represent current platform behaviour. A graph can also amplify bias if particular products, regions, or user groups are disproportionately flagged. Data minimization, access control, secure storage, transparent thresholds, human review, and periodic bias audits should be incorporated. The system should assist moderators and should not impose penalties solely on the basis of an unverified model score.
V. CONCLUSION
This paper presented a proposed graph-based framework for fake review detection using reviewer–product interaction patterns. Guided primarily by Yu et al. [1], the design integrates review text, ratings, timestamps, behavioural features, and graph relations among reviewers, reviews, and products. Related studies support the importance of social context, heterogeneous graph modelling, and feature fusion [2]–[5]. The framework includes graph construction, relation-aware representation learning, review- and reviewer-level classification, and interpretable evidence for human moderation.
The main research challenge is to demonstrate that relational signals improve detection without increasing false accusations. Future work should implement the pipeline on a legally obtained labelled dataset, compare it with text-only and feature-based baselines, run ablation and temporal tests, and report precision, recall, F1-score, and PR-AUC. Improved explainability, data-efficient learning, and computationally lightweight graph models remain important areas for further study. The paper therefore provides a reproducible research direction rather than claiming unmeasured results.
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