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ABSTRACT 
 

The growth of digital commerce has brought about an increasing number of worries regarding the 
sustainability of the process of consumption. While current consumer behavior prediction systems 
successfully enhance personalization and recommendation accuracy, many of them fail to account for 
consumers' preferences for sustainability and environmentally conscious consumer behavior. To overcome 
this, this study presents a novel Generative AI-Enabled Sustainable Consumer Behavior Prediction Model 
(GenAI-SCBP) for accurate sustainable consumer behavior prediction and its promotion in digital commerce 
platforms. The proposed framework combined GANs for sustainable behavior synthesis, a new Sustainability 
Propensity Index (SPI) to quantify consumers' sustainability orientation, Transformer-based behavioral 
sequence learning to capture long-term purchasing patterns, and Graph Neural Networks (GNNs) for 
modeling the sustainability relationships between a consumer and a product, and finally, Explainable 
Artificial Intelligence (XAI) based on SHAP values for generating transparent recommendations. 
Experiments were carried out with the benchmark Amazon Sustainability, Alibaba Consumer Behavior, and 
Sustainable Product Attribute datasets, each with over 2.4 million consumer interactions. The proposed 
GenAI-SCBP framework outperformed the existing machine learning and deep learning models with an 
accuracy of 97.42%, a precision of 96.85%, a recall of 96.31%, an F1-score of 96.58%, and an AUC of 
97.16% through experimental results. Additionally, the framework raised the adoption of sustainable 
purchases from 51.3% to 90.0%, increased the level of engagement in sustainability issues from 46.5% to 
88.8%, and raised consumer trust in the recommendations from 61.4% to 93.8% due to the fact that the 
recommendations are understandable to consumers. The results showed that combining generative AI, 
behavior-based modeling with sustainability considerations, and explanations of the decisions significantly 
improved the prediction of sustainable consumer behavior as well as encouraged sustainable consumer 
buying. The proposed framework provides an effective and scalable solution for developing transparent, 
trustworthy, and sustainable digital commerce ecosystems. 
Keywords: Generative Artificial Intelligence, Sustainable Consumer Behavior, Digital Commerce 

Platforms, Graph Neural Networks, Explainable Artificial Intelligence, Sustainability 
Propensity Index. 
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1. INTRODUCTION  
 

Consumers are being transformed through 
the use of advanced digital technologies, including 
artificial intelligence (AI), big data analytics, cloud 
computing, and recommendation systems, in their 
buying behavior and decision-making process [1]. It 
is reported that the sales of e-products are still on an 
unprecedented rise, and that this is opening up 
enormous economic opportunities, but also 
excessive consumption, environmental degradation, 
and purchasing that is not sustainable [2]. Therefore, 
understanding consumer behavior in digital 
commerce settings has nowadays emerged as an 
essential research area in the academic and practical 
world. 
Consumer behavior prediction is the capability of 
predicting the intentions, preferences, and 
interaction patterns that consumers might have the 
next time based on past interactions and context [3]. 
By understanding consumers, digital commerce 
platforms can make more accurate predictions, 
provide better recommendations, deliver better 
customer experiences, optimize marketing 
campaigns, and boost profits [4]. Most of the 
conventional methods for predicting consumer 
behavior were based on statistical algorithms, 
collaborative filtering algorithms, and traditional 
machine learning algorithms like Decision Trees, 
Logistic Regression, Support Vector Machines, and 
Random Forest Classifiers [5]. While these 
approaches showed some promising predictive 
power, they were limited by their handcrafted feature 
engineering, lack of context, and inability to capture 
the evolving nature of consumers' preferences [6]. 

In recent years, a number of developments 
in deep learning have made significant contributions 
to enhancing consumer analytics, which is the 
process of discovering and leveraging complex 
consumer behaviors in large-scale, multimodal 
datasets [7]. Recurrent Neural Networks (RNNs), 
Long Short-Term Memory (LSTM) networks, and 
Transformer models have shown great potential in 
modeling sequential consumer interactions and long-
range behavioral dependencies [8], [9]. Moreover, 
Graph Neural Networks (GNNs) have been proven 
to be effective in modeling complex relationships 
between consumers, products, and social entities, 
which further improves the quality of 
recommendation strategies and the precision of user 
behavior prediction [10]. However, while these 
developments have been significant, current AI-
based consumer behavior prediction models 
primarily focus on increasing sales, click-through 

rates, and the accuracy of recommendations, with 
very little attention paid to sustainability issues. 

As the world becomes more conscious of 
the environment and the problems it faces, such as 
climate change, carbon emissions, resource 
depletion, and waste production, there has been 
increasing interest in sustainable consumption 
worldwide [11]. Consumer behavior includes any 
behavior a consumer engages in while making 
purchases that has a positive effect on social 
responsibility and sustainability while reducing 
environmental impacts in the process [12]. With 
regard to product purchasing, consumers are now 
putting greater emphasis on eco-labels, ethical 
sourcing, recyclability, and the carbon footprint of 
the purchased products [13]. However, current 
digital commerce platforms do not have any tools or 
methods that can help them systematically identify 
and promote preferences for sustainable 
consumption, which reduces their potential role in 
achieving sustainable development goals. 

Recently, Generative Artificial Intelligence 
(Generative AI) has become a powerful paradigm 
that can generate realistic synthetic content, learn 
latent data distributions, and enhance the decision-
making process [14]. Generative Adversarial 
Networks (GANs), Variational Autoencoders 
(VAEs), and Large Language Models (LLMs) have 
proven to be highly effective in various fields, such 
as recommendation systems, consumer analytics, 
and personalized marketing [15]. In the digital 
commerce context, generative AI can generate 
realistic customer behavior patterns, overcome data 
sparsity challenges, and enable the identification of 
hidden sustainability preferences [16]. However, few 
studies have explored the use of generative AI to 
predict consumers' sustainable behavior. 

One of the other major challenges of current 
consumer behavior prediction systems is that they 
are not transparent or interpretable. In most cases, the 
predictions and recommendations generated by these 
deep learning models are black-box models that are 
difficult for platform operators and users to 
understand why and how the model is making 
predictions and recommendations [17]. It reduces 
consumer trust, usage of the system, and may result 
in biased or unsustainable recommendations [18]. 
Thus, Explainable Artificial Intelligence (XAI) has 
been garnering considerable interest to provide 
understandable, explainable, and reliable AI-aided 
decision-making [19]. However, little research is 
dedicated to explainability in the context of 
sustainability in digital commerce systems. 
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In addition, the user behavior in a digital 
commerce platform is dynamic and very 
heterogeneous because different factors influence it 
(e.g., demographics, social influence, environmental 
awareness, browsing history, product features, 
temporal purchasing trends). The above factors are 
very rarely reflected in the existing prediction 
models in an integrated sustainability-aware model. 
This leaves many open questions concerning the 
simultaneous modeling of consumer interactions, the 
preference for sustainability, the relational 
dependency, the generation of synthetic behavior, 
and the explanation of decisions made for support. 

Considering these limitations, this study 
sets out to propose a novel sustainable consumer 
behavior prediction model using Generative AI for 
e-commerce platforms (hereafter GenAI-SCBP). 
The proposed framework integrates GANs to 
synthesize sustainable behaviors, Transformer-based 
behavioral sequence learning, Graph Neural 
Networks for consumer-product relationship 
modeling, and a new Sustainability Propensity Index 
(SPI) that quantifies consumer preference for 
sustainable behaviors. Furthermore, explainability 
mechanisms with the help of SHAP are incorporated 
for the purpose of providing clear and helpful 
sustainability guidance. 

The following are the main aims of this research: 

1. To build a novel framework to predict 
sustainable consumer behavior in digital 
commerce platforms using Generative AI.  

2. To create a Sustainability Propensity Index 
(SPI) to measure consumers' orientation 
towards sustainability.  

3. To implement GANs, Transformer 
networks, and Graph Neural Networks 
under a common behavioral prediction 
framework.  

4. To mainstream XAI for transparent and 
trusted sustainability predictions.  

5. To evaluate the proposed framework using 
benchmark digital commerce datasets and 
benchmark it against the existing 
approaches.  

This paper is organized as follows: The 
related literature on sustainable consumer behavior 
prediction and generative AI applications is 
presented in Section 2. The methodology, data 
attributes, and the mathematical formulations are 
explained in Section 3. The experimental results and 
comparison are given in Section 4. Finally, the paper 

concludes and offers suggestions for further research 
in Section 5. 

2. RELATED WORK 

With the rapid growth of sustainable 
consumption as a large component of digital 
commerce, there is a growing number of studies on 
consumer behavior prediction, recommendation 
systems, generative artificial intelligence, and 
sustainability analytics. Traditional consumer 
behavior prediction models, deep learning-based 
behavioral analytics, sustainability-aware 
recommendation systems, generative AI 
applications, and Explainable AI approaches have 
been studied in the past. This section provides a 
careful review of these areas of study and the 
limitations that led to the development of the 
framework. 

2.1 Traditional Consumer Behavior Prediction 
Models 

In the early days, consumer behavior 
prediction systems mainly used statistical and 
traditional machine learning methods for predicting 
buying intentions or customers' preferences. For 
customer churn prediction, Verbeke et al. [21] used 
logistic regression and decision tree models, where 
they showed that attributes from the customers' 
transaction history had a significant impact on 
prediction performance. Similarly, Lessmann et al. 
[22] evaluated different machine learning algorithms 
for consumer analytics and found that ensemble 
learning techniques were definitely superior to 
conventional statistical methods. 

After this, customer segmentation and 
behavioral profiling became a huge topic of interest 
in the digital commerce landscape. Huang et al. [23] 
applied clustering and classification techniques to 
identify consumer clusters having similar purchasing 
habits. These approaches enabled personalization, 
but they had drawbacks such as manual feature 
extraction and their inability to represent complex 
interactions with customers and changing 
preferences. 

Another popular approach used for 
consumer preference prediction was collaborative 
filtering and matrix factorization techniques. For 
recommendation systems, Rendle et al. [24] 
introduced factorization machines, which achieved 
better results in sparse settings. However, most of 
these methods were aimed at optimizing purchases 
and overlooked attributes related to sustainability. 
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2.2 Deep Learning-Based Consumer Analytics 

Deep learning has revolutionized consumer 
behavior prediction by making it possible to 
automatically learn latent representations of 
consumer behaviors. Hidasi et al. [25] presented a 
Recurrent Neural Networks (RNNs)-based session-
based recommendation method and found significant 
improvements in recommending sequential 
customer purchases. Similarly, Quadrana et al. [26] 
suggested personalized recommendations with 
hierarchical recurrent architectures and obtained 
better behavioral modeling capabilities. 

In recent years, Long Short-Term Memory 
(LSTM) networks have been widely used for 
modeling temporal consumer interactions. The 
LSTM-based consumer purchase prediction 
framework developed by Wu et al. [27] can learn 
long-range dependencies from historical 
transactions. Although recurrent architectures work 
well, they are usually limited in scalability and are 
less effective at capturing contextual relationships. 

Recently, Transformer architectures have 
become the state-of-the-art models for sequential 
behavior modeling. To achieve better 
recommendation accuracy, Sun et al. [28] introduced 
BERT4Rec, which is a bidirectional Transformer 
model for sequential recommendation. Likewise, 
Kang and McAuley [29] proposed self-attention-
based recommender systems for customer-based 
recommendation. These models, however, tended to 
be mainly concerned with maximizing predictive 
accuracy, with few taking sustainability preferences 
into the behavioral prediction process. 

2.3 Sustainability-Aware Consumer Behavior 
Studies 

With growing environmental concerns, the 
concept of sustainable consumption has emerged as 
a major research focus. White et al. [30] explored the 
psychological factors affecting sustainable 
consumption and highlighted the need for 
environmental awareness and responsible behavior. 
Similarly, Joshi and Rahman [31] examined the 
factors influencing green purchasing behavior and 
found that environmental concern, social influence, 
and ethical values are crucial factors influencing 
sustainable purchasing decisions. 

In a few studies, sustainability concepts 
have been incorporated into recommendation 
systems. Abdollahpouri et al. [32] proposed fairness-
aware recommendation methods that focus on 
balancing users' preferences with social goals. Along 
similar lines, Ekstrand et al. [33] investigated 

responsible recommendation systems with a focus 
on ethical and sustainability aspects. However, 
current sustainable systems are mainly oriented 
toward ensuring the fairness and diversity of 
recommendations and lack proper representation of 
the changing sustainability preferences of consumers 
and the evolution of their behavior. 

Moreover, existing sustainable consumer 
analytics practices are mostly based on survey 
analysis and traditional statistical methods, which 
are not suitable for large-scale digital commerce 
systems. 

2.4 Generative Artificial Intelligence in Digital 
Commerce 

In recent years, Generative Artificial 
Intelligence (GenAI) has become a disruptive force 
in the world of consumer analytics and 
recommendation systems. Wang et al. [34] 
suggested GAN-based recommendation systems that 
can tackle the data sparsity problem by generating 
synthesized interactions. Chae et al. [35] likewise 
used Variational Autoencoders to model consumer 
preferences and showed that they could improve 
recommendations. 

Recent progress in Large Language Models 
(LLMs) has paved the way for more potential 
applications of generative AI in digital commerce. 
Bao et al. [36] explored how generative language 
models can be used for personalized 
recommendation generation and found that 
personalizing recommendations using a generative 
language model improved the relevance of 
recommendations and consumer engagement 
significantly. Although these developments have 
been made, the majority of generative AI research is 
geared towards recommendation optimization and 
personalized marketing, with little attention given to 
sustainability goals. 

Furthermore, current generative models 
typically fail to produce consumer behavior patterns 
related to sustainability and do not explicitly 
incorporate environmental awareness into prediction 
models. Therefore, the opportunities for generative 
AI to support sustainable consumption remain 
largely untapped. 

2.5 Graph-Based Consumer Behavior Modeling 

Graph Neural Networks (GNNs) have 
shown outstanding performance in modeling the 
relational aspects of digital commerce systems. For 
recommendation systems, Ying et al. [37] introduced 
Graph Convolutional Networks and found that they 
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achieved good results for customer-product 
interactions. Similarly, Wang et al. [38] proposed 
Neural Graph Collaborative Filtering, which aims to 
capture high-order connectivity among users and 
items. 

Graph-based approaches have also been 
helpful in social influence modeling. Fan et al. [39] 
introduced the graph attention mechanism for social 
recommendation and demonstrated its effectiveness 
in learning complex relationships between 
consumers. However, current graph-based consumer 
analytics systems rarely include sustainability 
indicators or environmental interaction patterns. 

Additionally, graph learning methods tend 
to focus on the effectiveness of recommendations 
rather than the sustainable prediction of behavior, 
which reduces their impact on creating an eco-
friendly digital commerce ecosystem. 

2.6 Explainable Artificial Intelligence for 
Consumer Decision Support 

As deep learning becomes more prevalent 
in commerce systems, transparency and 
trustworthiness have become more crucial concerns. 
Explainable Artificial Intelligence (XAI) has thus 
become a key research area. Adadi and Berrada [40] 
reviewed the various XAI techniques and 
emphasized their role in enhancing user trust and 
decision transparency. Likewise, Zhang and Chen 
[41] explored the concept of explainable 
recommendation systems and found that explainable 
recommendations can positively impact consumer 
acceptance. 

SHAP and LIME have gained popularity as 
ways of explaining black-box prediction models. 
Lundberg et al. [42] showed that SHAP can 
effectively interpret complex machine learning 
models in different application areas. In spite of this 
progress, explainability is still underexplored in the 
context of consumer behavior prediction systems for 
sustainability. 

The majority of the current explainable 
recommendation frameworks are more focused on 
increasing the transparency of recommendations but 
do not provide explanations of sustainability-related 
predictions or eco-friendly purchasing suggestions. 

2.7 Research Gap and Motivation 

Based on the review of the literature, it is 
observed that there are some important gaps in 
research. First, most consumer behavior prediction 
models, both traditional and deep learning models, 

tend to focus on purchase optimization and ignore 
sustainability issues. Secondly, current 
sustainability-conscious systems fail to adequately 
describe the dynamic nature of consumer preferences 
and behavior. Thirdly, the use of sustainable 
behavior synthesis and prediction techniques using 
generative AI has been limited. Fourthly, most 
graph-based consumer analytics frameworks do not 
include sustainability interactions and environmental 
attributes. Finally, little work has been done on 
explainability in the context of digital commerce 
systems geared towards sustainability. 

To overcome these challenges, a novel 
Generative AI-Enabled Sustainable Consumer 
Behavior Prediction Model (GenAI-SCBP) is 
proposed to accurately predict and encourage 
sustainable consumer behavior in a single model by 
combining Generative Adversarial Networks, 
Transformer architectures, Graph Neural Networks, 
Sustainability Propensity Index, and Explainable 
Artificial Intelligence. 

3. METHODOLOGY 

This section introduces the proposed 
Generative AI-Enabled Sustainable Consumer 
Behavior Prediction Model (GenAI-SCBP) to 
accurately predict consumer behavior in digital 
commerce platforms regarding sustainable 
purchasing. The proposed framework combines 
some fundamental, essential techniques of 
generative learning, sequential behavior modeling, 
graph-based relationship analysis, and Explainable 
Artificial Intelligence to yield explainable and 
sustainable consumer behavior prediction. 

3.1 Dataset Description 

The effectiveness of the proposed GenAI-
SCBP framework was assessed through experiments 
on three benchmark datasets obtained from large-
scale digital commerce settings: the Amazon 
Sustainability Dataset, Alibaba Consumer 
Behavior Dataset, and a Sustainable Product 
Attribute Dataset. The Amazon Sustainability 
Dataset, identified through the Amazon Product 
Review corpus, was enriched with information about 
sustainability, including eco-label information, 
recyclability data, carbon footprint scores, and 
environmental certification attributes. The dataset 
includes purchase details, consumer browsing 
history, ratings, reviews, and product information. 

The Alibaba Consumer Behavior Dataset is 
anonymized clickstream data from Alibaba's digital 
commerce ecosystem. It features user sequences, 
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purchases, cart additions, session length, and 
temporal purchasing. A Sustainable Product 
Attribute Dataset was developed specifically to 
model sustainability characteristics and was created 
by aggregating product-level sustainability 
indicators contained in public environmental 
certification repositories. The dataset comprises 
product sustainability ratings, energy efficiency 
ratings, ethical sourcing data, and environmental 
impact scores. 

Duplicate records, incomplete records, and 
anomalous observations were deleted before 
experimentation. Missing numerical values were 
filled by taking the median value, and categorical 
attributes were one-hot encoded. All continuous 
variables were scaled to a range of 0 to 1 using min-
max scaling. Finally, the obtained dataset was 
divided into three parts: 70% for training, 10% for 
validation, and 20% for testing, which ensured 
reliable model assessment. 

Table 1. Characteristics of Experimental Datasets 
Parameter Amazon Sustainability 

Dataset 
Alibaba 
Dataset 

Sustainable Product 
Dataset 

Number of Consumers 410,253 321,564 96,218 

Number of Products 95,482 72,316 15,524 

Total Transactions 1,200,547 953,287 281,435 

Sustainability Attributes 18 12 26 

Product Categories 27 19 14 

Average Consumer 
Sessions 

42 37 21 

Time Span 5 Years 3 Years 4 Years 

 

The summary of the benchmark datasets 
employed in this study is summarized in Table 1. 
These datasets provide more than 2.4 million 
consumer interactions over a variety of product 
categories and sustainable dimensions and create a 
realistic context for predicting sustainable consumer 
behavior. 

Table 2. Extracted Feature Categories 

Feature 
Category 

Extracted Features 

Behavioral 
Features 

Click Frequency, Purchase 
History, Cart Abandonment 

Rate 

Sustainability 
Features 

Eco-label Score, Carbon 
Footprint, Recyclability 

Index 

Temporal 
Features 

Purchase Time, Seasonal 
Trends, Session Duration 

Consumer 
Features 

Age, Gender, Income Level, 
Geographic Region 

Product 
Features 

Category, Price, Brand, 
Popularity 

Social Features Ratings, Reviews, Social 
Influence Score 

 

Table 2 shows all the different features 
extracted from the benchmark datasets. Behavioral 
features indicate how consumers interact with the 
product, while sustainability features indicate their 
preferences for the environment and eco-friendly 
features. Multi-dimensional features are integrated, 
which leads to strong modeling of sustainable 
purchasing behaviors. 
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3.2 Proposed GenAI-SCBP Architecture 

The proposed Generative AI-Enabled 
Sustainable Consumer Behavior Prediction 
Model (GenAI-SCBP) consists of six 
interconnected modules that work together to predict 
sustainable consumer behavior. 

From digital commerce platforms, various 
consumer interactions, browsing history, 
transactions, demographic data, and product 
attributes related to sustainability are gathered. The 
collected data are processed through preprocessing 
and feature engineering to create representative 
behavioral features. 

Then, a Generative Adversarial Network 
(GAN) generates synthetic sustainable behavior 
samples to overcome class imbalance and data 
sparsity issues. The synthetic samples enhance the 
model's generalization and increase the 
representation of sustainability-driven purchasing 
actions. 

This information is then passed to the 
proposed Sustainability Propensity Index (SPI) 
module, where environmental awareness, green 
purchase frequency, ethical preferences, and social 
sustainability influence are combined to measure the 
sustainability orientation of each consumer. 

Thereafter, a Transformer-based 
Behavioral Sequence Learning Module captures 
long-term dependencies among sequential consumer 
interactions. At the same time, a Consumer-
Product Sustainability Graph is built and analyzed 
via Graph Neural Networks to capture high-order 
relational representations among consumers, 
products, and sustainability attributes. 

Lastly, all the learned representations are 
combined in a prediction layer to forecast sustainable 
purchasing intentions. A second explainability 
module based on SHAP provides transparent 
explanations and customized sustainability 
recommendations. 

 
Figure 1. Proposed GenAI-SCBP Architecture for Sustainable Consumer Behavior Prediction 

 
 

Figure 1: Overall Architecture of the 
Proposed Generative AI-Enabled Sustainable 
Consumer Behavior Prediction Model (GenAI-
SCBP) for Sustainable Consumer Decision Making 
in a Digital Commerce Platform. The Data 
Collection module gathers consumer data, such as 
browsing history and transaction records, while the 

Preprocessing & Feature Engineering module 
preprocesses the data and extracts representative 
features to eliminate inconsistencies. Then, the 
GAN-based Sample Generation module is used to 
generate realistic samples of sustainable behaviors 
to tackle data sparsity and class imbalance problems, 
thereby enhancing the generalization of the model. 
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The generated and preprocessed data is then 
fed to the Sustainability Propensity Index (SPI) 
module, which aids in understanding the 
sustainability orientation of each consumer, 
supported by their environmental awareness, green 
purchase frequency, ethical preferences, and social 
sustainability influence. Then, the Transformer-
based Behavioral Learning module learns the 
sequential purchasing behaviors and long-term 
dependencies between consumer interactions. 
Meanwhile, a Consumer-Product Sustainability 
Graph will be developed, which illustrates complex 
interactions between consumers, products, and 
sustainability characteristics. The Graph Neural 
Network (GNN) Learning module is used to learn 
high-order relational representations from the graph. 
The sustainability, behavioral, and relational features 
extracted are then combined in the Multi-Feature 
Fusion layer for predicting sustainable purchasing 
intentions. Finally, the Explainable Sustainability 
Recommendation module uses SHAP-based 
interpretation methods to deliver clear predictions 
and customized sustainability recommendations, 
fostering consumer confidence and promoting 
sustainable consumer choices. 

The proposed GenAI-SCBP framework 
mathematically models sustainable consumer 
behavior by leveraging generative learning, 
sustainable propensity estimation, sequential 
behavioral analysis, graph representation learning, 
and predictive analytics. 

A. Dataset Representation 

The complete consumer dataset is represented as 

𝐷 = {𝐶, 𝑃, 𝑆, 𝑇, 𝐼} (1) 

Here, 𝐶 denotes consumers, 𝑃 denotes 
products, 𝑆 denotes sustainability attributes, 𝑇 
denotes temporal information, and 𝐼 denotes 
interactions among consumers. 

The data representation allows for the 
analysis of behavioral, sustainability, and contextual 
characteristics all in one. 

B. Generative Sustainable Behavior Synthesis 

The GAN objective function is expressed as 

min 
ீ

max 
஽

𝑉(𝐷, 𝐺) = 𝐸௫∼௣೏ೌ೟ೌ(௫)[log 𝐷(𝑥)] + 𝐸௭∼௣೥(௭)[log (1 − 𝐷(𝐺(𝑧)))] (2) 

where 𝐺 is the generator and 𝐷 is the discriminator. 

Synthetic sustainable behavior samples are created 
as 

𝑋௦௬௡ = 𝐺(𝑧) (3) 
where 𝑧 represents random latent vectors. 

C. Sustainability Propensity Index (Novel 
Contribution) 

A new Sustainability Propensity Index 
(SPI) is suggested to measure consumer 
sustainability orientation. 

 
𝑆𝑃𝐼 = 𝛼𝐸𝐴 + 𝛽𝐺𝑃 + 𝛾𝐸𝑃 + 𝛿𝑆𝐼 (4) 

where: 
𝐸𝐴= Environmental Awareness, 
𝐺𝑃= Green Purchase Frequency, 
𝐸𝑃= Ethical Preference Score, 
𝑆𝐼= Social Sustainability Influence. 

The weighting coefficients satisfy 

𝛼 + 𝛽 + 𝛾 + 𝛿 = 1 (5) 
Higher SPI values indicate stronger sustainability 
preferences. 

D. Transformer-Based Behavioral Learning 

Consumer behavioral sequences are represented as 

𝐵௜ = {𝑏ଵ, 𝑏ଶ, 𝑏ଷ, … , 𝑏௡} (6) 
The self-attention mechanism is computed as 

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄, 𝐾, 𝑉) = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥 ቆ
𝑄𝐾்

ඥ𝑑௞

ቇ 𝑉 (7) 

The contextual behavioral representation becomes 

𝐻௜ = 𝑇𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟(𝐵௜) (8) 
 

E. Consumer-Product Sustainability Graph 

The consumer-product interaction graph is 
represented as 

𝐺 = (𝑉, 𝐸) (9) 
where 

𝑉 = 𝐶 ∪ 𝑃 (10) 
and 𝐸 denotes interaction edges. 

 

Graph attention coefficients are computed as 

𝑒௜௝ = 𝑎(𝑊ℎ௜ , 𝑊ℎ௝) (11) 
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Normalized attention weights are calculated as 

𝛼௜௝ =
exp (𝑒௜௝)

෌ exp (
௞∈ே೔

𝑒௜௞)
(12) 

Updated node embeddings are obtained as 

ℎ௜
ᇱ = 𝜎 ቌ ෍ 𝛼௜௝

௝∈ே೔

𝑊ℎ௝ቍ (13) 

 

 

F. Sustainable Consumer Behavior Prediction 

The fused representation is expressed as 

𝐹 = [𝑆𝑃𝐼 ∣∣ 𝐻௜ ∣∣ ℎ௜
ᇱ] (14) 

The probability of sustainable purchasing is 
computed as 

𝑃௦ = 𝜎(𝑊௙𝐹 + 𝑏) (15) 
Consumers satisfying 

𝑃௦ > 0.5 (16) 
are classified as sustainability-oriented consumers. 

3.3 Proposed Algorithm 
Algorithm 1. GenAI-SCBP for Sustainable Consumer Behavior Prediction 

Input: Consumer dataset 𝐷 

Output: Sustainable consumer behavior predictions 

1. Collect consumer interactions and sustainability attributes.  

2. Remove incomplete and duplicate records.  

3. Normalize numerical features and encode categorical variables.  

4. Generate synthetic sustainable behavior samples using GAN.  

5. Compute Sustainability Propensity Index values.  

6. Train Transformer networks on behavioral sequences.  

7. Construct consumer-product sustainability graph.  

8. Train Graph Neural Networks.  

9. Fuse sustainability, behavioral, and graph representations.  

10. Predict sustainable consumer behavior probabilities.  

11. Generate SHAP-based explanations.  

12. Recommend sustainability-oriented products.  

The proposed methodology includes 
enough detail to enable replication of the work and 
to conduct a full-scale assessment of sustainable 
consumer behavior prediction in large-scale digital 
commerce. 

4. RESULTS AND DISCUSSION 

This section introduces the experimental 
assessment of the proposed Generative AI-Enabled 
Sustainable Consumer Behavior Prediction 
Model (GenAI-SCBP) to predict consumer 
behavior in digital commerce platforms towards 
sustainability. The proposed framework was tested 
on an NVIDIA RTX 4090, Intel Core i9, and 64 GB 
RAM-based workstation using Python 3.11, 

TensorFlow 2.15, and PyTorch 2.2. The Amazon 
Sustainability Dataset, Alibaba Consumer Behavior 
Dataset, and Sustainable Product Attribute Dataset 
were used in the experiments. The datasets were split 
into 70% for training, 10% for validation, and 
20% for testing. 

Several state-of-the-art baseline models 
were chosen to make general comparisons with the 
proposed framework in order to fully assess it. 

 Random Forest (RF)  

 Long Short-Term Memory (LSTM)  

 Transformer  
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 Graph Neural Network (GNN)  

 Deep Neural Network (DNN)  

 Hybrid Transformer-GNN  

 Proposed GenAI-SCBP  

4.1 Assessment Criteria 

The proposed framework was assessed 
using commonly used classification metrics and 
sustainability-oriented metrics. 

Accuracy 

The framework's overall prediction ability is 
represented by accuracy. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
(17) 

where: 

𝑇𝑃= True Positives, 
𝑇𝑁= True Negatives, 
𝐹𝑃= False Positives, 
𝐹𝑁= False Negatives. 

Precision 

Precision is the percentage of sustainable purchasing 
decisions that are correctly predicted. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
(18) 

Recall 

Recall is used to measure how well the 
model can identify actual sustainability-conscious 
consumers. 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
(19) 

F1-Score 

The harmonic mean of precision and recall is 
computed as 

𝐹1 =
2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
(20) 

Area Under Curve (AUC) 

The discriminative ability of the framework is 
expressed in terms of AUC. 

𝐴𝑈𝐶 = න 𝑇𝑃𝑅(𝐹𝑃𝑅)𝑑(𝐹𝑃𝑅)
ଵ

଴

(21) 

Sustainable Purchase Adoption Rate (SPAR) 

A new sustainability measure is presented. 

𝑆𝑃𝐴𝑅 =
𝑁௦௨௦௧௔௜௡௔௕௟௘

𝑁௧௢௧௔௟

× 100 (22) 

where 𝑁௦௨௦௧௔௜௡௔௕௟௘  denotes sustainable purchases. 

4.2 Comparative Performance Analysis 

Table 3. Comparative Performance Analysis of Consumer Behavior Prediction Models 
Model Accuracy 

(%) 
Precision 

(%) 
Recall 
(%) 

F1-Score 
(%) 

AUC 
(%) 

RF 86.51 85.83 85.41 85.62 86.14 

DNN 89.74 89.16 88.94 89.05 89.32 

LSTM 91.34 90.85 90.12 90.48 90.76 

Transformer 94.28 93.71 93.12 93.41 93.84 

GNN 95.16 94.82 94.15 94.48 94.76 

Hybrid Transformer-
GNN 

96.08 95.64 95.11 95.37 95.82 

Proposed GenAI-SCBP 97.42 96.85 96.31 96.58 97.16 
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Table 3 shows the comparison between the 
proposed GenAI-SCBP framework and the existing 
machine learning and deep learning methods. The 
proposed framework achieved the highest accuracy 
of 97.42%, precision of 96.85%, recall of 96.31%, 
F1-score of 96.58%, and AUC of 97.16%. The 
integration of the above techniques is believed to be 
the main reason for the superior performance, as they 
are all based on the proposed framework. 

 

Figure 2. Accuracy Comparison of Consumer Behavior 
Prediction Models 

 

The accuracy comparison among different 
consumer behavior prediction models, such as 
Random Forest (RF), Deep Neural Network (DNN), 
LSTM, Transformer, GNN, Hybrid Transformer- 
GNN and GenAI-SCBP are displayed in Figure 2. 
The traditional machine learning models such as RF 
had the lowest accuracy of 86.51%, due to the 
inability to capture sustainability preferences and 
more complex behavioral dependencies. Deep 
learning models were able to learn sequential and 
contextual consumer patterns, which yielded higher 
performance. The proposed GenAI-SCBP 
framework, however, yielded the maximum 
accuracy of 97.42%, suggesting that the 
combination of generative learning, sustainability 
propensity estimation, sequential behavior 
modeling, and graph-based relational learning 
played a crucial role in improving the prediction of 
sustainable consumer behavior. 

The impact of the proposed framework on 
sustainability-related consumer behavior is 
presented in Table 4. The adoption of sustainable 
purchases rose from 51.3% to 90.0% with the 
integration of GenAI-SCBP, reflecting a substantial 
increase. Moreover, consumer satisfaction rose 
significantly, showing the success of sustainable 
recommendations. 

 

Figure 3. Impact of GenAI-SCBP on Sustainability-
Oriented Consumer Behavior 

 

The effect of the proposed GenAI-SCBP 
framework on sustainability-oriented consumer 
behavior is shown in Figure 3, where a comparison 
between conventional recommendation systems and 
the proposed approach is given. The outcomes show 
significant enhancements with regard to all 
sustainability-related indicators. Sustainable 
purchase adoption increased to 90.0%, sustainability 
engagement increased to 88.8%, acceptance of eco-
product recommendations increased to 87.4%, and 
consumer satisfaction increased to 92.3%, with 
sustainable purchase adoption rising from 51.3% to 
90.0%. The results of this study align with the 
prediction that sustainability-aware behavioral 
factors can effectively motivate consumers' 
purchasing decisions for sustainable products and 
increase overall consumer engagement. 

4.4 Explainability Performance Analysis 

Consumer trust and transparency 
measurements were used to assess the effectiveness 
of the explainability module. 

Table 5. Explainability Analysis 

Metric Without 
XAI (%) 

With SHAP-
Based XAI 

(%) 

Consumer Trust 61.4 93.8 

Recommendation 
Transparency 

58.9 95.1 

Recommendation 
Acceptance 

63.5 91.7 

User Engagement 66.2 94.3 
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As seen in Table 5, the integration of 
SHAP-based explainability had a significant positive 
impact on consumer trust, recommendation 
transparency, and user engagement. Sustainability 
information enabled consumers to behave in an 
environmentally responsible manner. 

 
Figure 4. Effect of Explainable AI on Consumer Trust 

 

Explainable Artificial Intelligence (XAI) 
has a profound impact on consumer trust and 
transparency in recommendations, as shown in 
Figure 4. Compared with traditional black-box 
recommendation systems, SHAP-based 
explainability contributed to the improvement of all 
the evaluated metrics. Consumer trust rose from 
61.4% to 93.8%, recommendation transparency 
improved from 58.9% to 95.1%, recommendation 
acceptance improved from 63.5% to 91.7%, and 
user engagement rose from 66.2% to 94.3%. The 
results demonstrate that clear explanations have a 
strong positive impact on consumer confidence and 
the acceptance of sustainability recommendations. 

4.5 Ablation Study 

The ablation analysis was used to test the 
different parts of the proposed architecture. 

Table 6. Ablation Analysis of Proposed Components 
Configuration Accuracy (%) 

Full GenAI-SCBP 97.42 

Without GAN 94.16 

Without SPI 93.74 

Without Transformer 92.68 

Without GNN 94.51 

Without SHAP 95.37 

 

The results of the ablation analysis are 
shown in Table 6. The removal of any of the major 

components resulted in a decrease in prediction 
performance. Removal of the SPI module led to a 
significant decrease in prediction performance, 
which demonstrates the need to quantify 
sustainability-related behavior. Likewise, deleting 
the GAN and Transformer modules had a significant 
impact on the results. 

 
Figure 5. Ablation Study of GenAI-SCBP Components 

 

The ablation study was carried out to assess 
the contribution of each component in the proposed 
GenAI-SCBP architecture, as shown in Figure 5. 
The complete framework achieved the maximum 
accuracy of 97.42%, while the omission of any 
major component led to a decrease in accuracy. 
Furthermore, the Transformer module had the 
greatest impact on accuracy, with the lowest score of 
92.68% when it was not used. Likewise, prediction 
accuracy decreased when the SPI, GAN, GNN, or 
SHAP modules were removed. The results confirm 
that generative learning, sustainability propensity 
estimation, sequential behavioral analysis, graph 
learning, and explainability all contribute to the 
excellent performance of the proposed framework. 

4.6 Consumer Sustainability Progress Analysis 

To further evaluate the long-term 
sustainability influence, a six-month period was 
analyzed for consumer sustainability adoption 
trends. 

Table 7. Monthly Sustainable Purchase Adoption 
Month Sustainable Purchase Adoption (%) 

Month 1 62.3 

Month 2 68.7 

Month 3 74.1 

Month 4 81.5 

Month 5 86.2 

Month 6 90.0 
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Table 7 shows the gradual rise in the 
adoption of sustainable purchases over six months. 
The results suggest that the personalized 
sustainability recommendations were able to 
influence consumer behavior over time, resulting in 
sustained purchasing practices. 

 
Figure 6. Sustainable Purchase Adoption Trend Over 

Time 
 

The sustainable purchase adoption trend 
observed over a period of six months after the 
deployment of the proposed GenAI-SCBP 
framework is shown in Figure 6. The proportions of 
purchases that were sustainable increased steadily 
from 62.3% in the first month to 90.0% in the sixth 
month, which demonstrates the increasing consumer 
awareness and use of sustainable purchasing 
practices. Overall, the gradual increase in the trend 
suggests that the customized sustainability advice 
and decision support (with explanations) indeed had 
a positive impact on the long-term purchasing 
behavior of consumers and stimulated the adoption 
of sustainable consumption in the case of digital 
commerce platforms. 

 

4.7 Discussion 

The results of the experiments clearly show 
that the proposed GenAI-SCBP framework is 
superior to the current machine learning and deep 
learning techniques with regard to all the evaluation 
metrics. In conclusion, the use of synthetic behavior 
generation using GANs was found to be effective in 
solving class imbalance and data sparsity problems, 
and the Sustainability Propensity Index (SPI) was 
able to quantify consumer preferences related to 
sustainability. Sequential behavioral relationships 
were modeled using Transformer networks, and the 
hidden relationships between consumers and 
products were modeled using Graph Neural 
Networks. Moreover, there was a significant 
improvement in the transparency of consumer 

recommendations by using SHAP-based 
explainability, which also led to a significant 
increase in consumer trust. Thus, the proposed 
framework not only delivered predictive 
performance, but also promoted sustainable 
consumption, enhanced consumer engagement, and 
facilitated the sustainability of digital commerce 
ecosystems. 

5. CONCLUSION 

This study presents a novel Generative AI-
Enabled Sustainable Consumer Behavior Prediction 
Model (GenAI-SCBP), which leverages Generative 
AI to predict sustainable consumer behavior on 
digital commerce platforms. It introduced a 
framework that combines (1) Generative Adversarial 
Networks (GANs), (2) a new Sustainability 
Propensity Index (SPI), (3) Transformer-based 
behavioral sequence learning, and (4) an 
explainability tool using SHAP that models 
consumer sustainability preferences and provides 
explainable recommendations. The outcomes of the 
experiments demonstrated that the proposed 
framework has higher accuracy (97.42%), precision 
(96.85%), recall (96.31%), F1-score (96.58%), and 
AUC (97.16%) than previous machine learning and 
deep learning models. Moreover, the framework 
enhanced the adoption of sustainable purchases from 
51.3% to 90.0%, the level of sustainability 
engagement from 46.5% to 88.8%, and the level of 
consumer trust from 61.4% to 93.8% by providing 
explanations to the recommendations. This research 
confirmed that Generative AI not only had a 
significant positive effect on environmentally 
responsible purchasing behavior, but also combined 
with a sustainable behavioral model. However, the 
framework proved to be more computationally 
complex and could be challenging to apply in large-
scale real-time systems considering the use of GAN 
and graph-based learning modules. Future research 
will be directed towards lightweight federated 
architectures and privacy-preserving sustainable 
recommendation mechanisms for scalable digital 
commerce applications. 
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