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ABSTRACT 

In the rapidly evolving e-commerce sector, personalized experiences have become critical to gaining a competitive 

edge and driving customer loyalty. Traditional recommendation systems often struggle with adapting quickly to 

dynamic market conditions and diverse customer preferences. To address these limitations, this paper proposes a 

novel BERT-LSTM hybrid model that combines BERT's pre-trained contextual embeddings with LSTM's 

capability to capture sequential dependencies. This integrated model enhances the personalization process by 

accurately identifying user behaviour and generating tailored product recommendations. The dataset used for 

analysis includes customer satisfaction data from the E-commerce Customer Service Satisfaction dataset on 

Kaggle, which offers a rich set of features like customer demographics, satisfaction ratings, and customer 

interactions. The proposed method was compared to traditional collaborative filtering approaches, achieving a 

significant improvement in recommendation accuracy. The personalization engagement score showed a consistent 

increase of 17.5%, indicating better customer interaction, while the customer interaction rate improved by 35% 

from week 1 to week 5. These results highlight the effectiveness of the BERT-LSTM model in offering a more 

responsive and relevant customer experience. This approach demonstrates superior performance compared to 

traditional systems, providing a more accurate and scalable solution for personalized e-commerce platforms.  
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1. INTRODUCTION 

In today’s rapidly evolving e-commerce landscape, the battle for consumer attention has reached new heights. As 

online shopping continues to dominate, companies are finding it increasingly challenging to stand out in a crowded 

marketplace [1]. One of the most effective strategies to drive customer engagement and loyalty is personalization 

tailoring the online shopping experience to the individual preferences, behaviours, and needs of each customer 

[2]. Leveraging advanced personalization techniques has become not just a competitive advantage but a necessity 

for businesses aiming to deliver superior customer experiences and drive sustained engagement [3].  

The need for advanced personalization stems from the growing demand for relevant, meaningful interactions. 

Customers today expect more than just generic product recommendations; they want brands to understand their 

unique preferences and deliver tailored experiences that meet their specific desires [4]. As e-commerce platforms 

strive to meet these expectations, personalization has become central to achieving business objectives, from 

improving conversion rates to increasing average order value and fostering customer loyalty [5].    

Personalization, in its most advanced form, goes beyond simple product recommendations. It integrates various 

data sources, including customer demographics, browsing history, purchase behaviour, social interactions, and 

contextual factors, to create dynamic, real-time shopping experiences [6]. By analysing this data using artificial 

intelligence (AI) and machine learning (ML) models, e-commerce platforms can deliver highly relevant content, 

personalized offers, and product suggestions that resonate with each customer [7].   
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Moreover, as customers engage with e-commerce platforms across multiple devices and touchpoints, the need for 

a consistent, cohesive experience has never been greater [8]. Omni-channel personalization ensures that the 

customer receives a unified and personalized experience, whether shopping on a desktop, mobile app, or 

interacting with customer support [9]. This seamless integration across all channels fosters trust and enhances the 

overall user experience, ultimately leading to higher engagement and sales [10].     

The key to optimizing customer experience lies in leveraging advanced data analytics. E-commerce platforms can 

utilize both big data and real-time data processing to gain actionable insights into customer behaviour [11]. By 

combining historical data with real-time inputs, platforms can adapt to customer needs on the fly [12]. Whether 

its adjusting product recommendations based on a customer’s browsing patterns or offering time-sensitive 

discounts based on their location and the time of day, these advanced techniques allow businesses to create a 

dynamic, personalized shopping experience [13].     

However, personalization isn’t just about giving customers what they want right now. It’s also about predicting 

their future needs [14]. Predictive analytics allows e-commerce businesses to anticipate customer behaviour, such 

as when a customer is likely to make a repeat purchase or which products, they are most likely to be interested in 

[15]. This foresight enables platforms to proactively target customers with tailored offers, driving conversions 

before they even begin browsing [16].   

A major challenge that businesses face in implementing advanced personalization is the sheer volume of data 

available [17]. With millions of customers and thousands of products, processing and analysing this data can be a 

daunting task [18]. However, artificial intelligence and machine learning can help solve this problem by 

automating the data processing and personalizing customer experiences in real-time [19]. These technologies 

allow for the processing of large datasets to detect patterns, segment users, and generate highly accurate 

recommendations at scale [20].  

At the heart of this approach is deep learning, which takes personalization to the next level by enabling systems 

to understand complex relationships between customer behaviour, product features, and contextual factors [21] . 

Deep learning models can process vast amounts of unstructured data, such as text, images, and video, allowing 

businesses to offer personalized experiences that go beyond what traditional algorithms can achieve [22]. For 

example, AI can analyse customer reviews and social media sentiment to provide a more nuanced understanding 

of preferences, leading to even more relevant product recommendations [23]. 

Context is another crucial component of advanced personalization. In addition to analysing past behaviour, e-

commerce platforms must take into account real-time, contextual data, such as the customer’s location, time of 

day, device being used, and even weather conditions [24]. By integrating these factors into the personalization 

engine, e-commerce platforms can offer hyper-relevant recommendations that align with the customer’s current 

context. For example, if a customer is browsing for a jacket during a snowstorm, the platform can offer weather-

appropriate options to match their needs [25]. 

Furthermore, customer trust and privacy have become major considerations in the age of personalization. With 

the increasing amount of personal data collected, customers are becoming more cautious about how their 

information is being used [26]. Therefore, e-commerce platforms must balance personalization with data privacy 

and security. Adopting privacy-focused technologies such as federated learning and encrypted data processing can 

help ensure that customer data is handled responsibly while still enabling highly personalized experiences [27]. 

Finally, it is important to recognize that personalization is an ongoing process that requires continuous 

optimization. A/B testing and multi-armed bandit algorithms allow businesses to continuously refine their 

personalization strategies, experimenting with different recommendations and adjusting based on customer 

feedback [28]. The goal is not only to increase engagement but also to improve the overall customer experience, 

ensuring that each touchpoint in the customer journey is seamless, relevant, and valuable [29]. 

In conclusion, advanced personalization techniques are transforming the way e-commerce platforms engage with 

customers. By harnessing the power of artificial intelligence, machine learning, real-time data processing, and 

deep learning, businesses can offer highly tailored experiences that enhance customer satisfaction, drive 

engagement, and boost sales. The evolution of these techniques, coupled with innovations in predictive analytics, 

contextual awareness, and data privacy, presents a new era for personalized e-commerce that promises to redefine 

how consumers interact with brands online [30]. 

The literature review is covered in Section 2. Section 3 discusses the problem statement, while Section 4 discusses 

the method. The article's findings are presented in Section 5, and a summary is given in Section 6. 
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2. LITERATURE REVIEW 

Venkat Raviteja Boppana et al. [31] article explores the method of customizing Microsoft Dynamics CRM to 

enhance customer engagement by personalizing communication, automating tasks, and integrating third-party 

applications, while noting the limitations of technical complexity and the need for alignment with specific business 

goals for effective implementation. and Alavilli et al. [32] paper develops a theoretical model for a unified online 

customer experience by synthesizing consumer behaviour and e-commerce literature, identifying key antecedents 

and outcomes, while acknowledging the limitation of focusing primarily on online contexts without addressing 

broader offline interactions. Rathore et al. [33] research investigates the role of AI in transforming fashion 

marketing within the metaverse by exploring how AI-driven personalized experiences and consumer engagement 

strategies can foster brand innovation, while acknowledging the limitation of focusing primarily on virtual 

environments and their applicability to real-world settings. 

Nagarajan et al. [34] paper explores sustainable practices in fashion marketing through a comprehensive literature 

review and case studies, highlighting the role of AI and machine learning in driving sustainability, while noting 

the limitation of focusing primarily on theoretical insights without extensive empirical data on long-term industry 

impact. Zotto et al.[35] paper investigates ICT-enabled value co-creation through a multiple qualitative case study 

of 17 organizations, identifying key dimensions and initiatives, while acknowledging the limitation of relying on 

case studies that may not fully represent the broader spectrum of industries or smaller firms. Bourlakis et al.[36] 

article explores the shift in B2B transactions towards more B2C-like models driven by digitalization, highlighting 

the demand for seamless, flexible, and global experiences, while acknowledging the limitation of not fully 

addressing the unique challenges B2B businesses face in implementing these changes.   

2.1 PROBLEM STATEMENT 

• Traditional methods often lack the flexibility needed to adapt quickly to changing market conditions, 

customer preferences, or emerging trends, limiting their ability to respond to evolving business needs 

[37]. 

• Traditional approaches often rely on siloed systems, which hinder the integration and analysis of data 

from different sources, reducing the accuracy and timeliness of insights [38]. 

• The manual or legacy systems used in traditional methods lead to slower decision-making processes and 

response times, putting businesses at a disadvantage in fast-paced, competitive environments [39]. 

• As businesses expand, traditional methods often struggle to scale efficiently, requiring significant manual 

effort or investment in additional infrastructure to accommodate growth, unlike more agile, digital-first 

solutions [40].  

 

3. PROPOSED BERT-LSTM FRAMEWORK 

It begins with Data Collection, where relevant data is gathered. The next step involves Data Preprocessing using 

Z-Score Normalization, ensuring the data is standardized. User Behaviour Identification is then performed using 

advanced techniques like BERT-LSTM, which helps in understanding user interactions [41]. Based on this, the 

system moves to Produce Recommendation using Collaborative Filtering, a technique that generates personalized 

suggestions. Finally, Performance Evaluation is conducted to assess the effectiveness of the recommendations. 

This step-by-step approach enables the creation of a robust, personalized recommendation engine [42]. The Figure 

1 shows the Block Diagram of BERT-LSTM.  

 
Figure 1: Block Diagram of BERT-LSTM 
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3.1 DATA COLLECTION 

The E-commerce Customer Service Satisfaction dataset available on Kaggle provides valuable insights into 

customer interactions and their satisfaction levels with e-commerce platforms' customer service [43]. The dataset 

includes various features such as customer demographics, satisfaction ratings, and the nature of customer inquiries 

or complaints [44]. This data can be used for analysing patterns in customer satisfaction, identifying key factors 

influencing customer experience, and building predictive models to enhance customer service strategies. It is a 

valuable resource for data analysts, customer experience researchers, and e-commerce businesses aiming to 

optimize their customer service and improve overall satisfaction [45]. 

Dataset Link: https://www.kaggle.com/datasets/ddosad/ecommerce-customer-service-satisfaction 

3.2 DATA PREPROCESSING USING Z-SCORE NORMALIZATION 

Z-Score normalization (also known as Standardization) is a technique used to scale the features of a dataset such 

that they have a mean of 0 and a standard deviation of 1. This technique is commonly applied in machine learning 

when features have different units or scales, ensuring that each feature contributes equally to the model. 

Mathematical Equation for Z-Score Standardization 

To standardize a feature 𝑥 (such as a column of data in a dataset), the Z-score normalization is calculated using 

the following equation (1): 

𝑧 =
𝑥−𝜇

𝜎
       (1) 

Where 𝑥 is the raw score or the original value of the feature. 𝜇(mu) is the mean of the feature (i.e., the average 

of all values in the feature). 𝜎 (sigma) is the standard deviation of the feature (a measure of the spread or variability 

of the feature's values). 𝑧 is the Z-score (the standardized value). 

3.3 USER BEHAVIOR IDENTIFICATION USING BERT-LSTM 

BERT-LSTM is a hybrid model that combines BERT (Bidirectional Encoder Representations from Transformers) 

with LSTM (Long Short-Term Memory) networks [46]. The main purpose of this combination is to leverage 

BERT's pre-trained contextual embeddings and LSTM's ability to capture sequential dependencies to identify and 

predict user behaviour in a given context, such as e-commerce, social media interaction, or browsing behaviour. 

Let's break down the process and the associated mathematical equations for using BERT-LSTM in user behaviour 

identification [47].     

BERT for Contextual Representation of User Input 

BERT is a transformer-based model that generates contextual embeddings for words or tokens in a sentence. 

Instead of treating each word independently, BERT captures the surrounding context, providing richer 

representations. 

Given a sequence of words 𝑊 = {𝑤1, 𝑤2, … , 𝑤𝑛} representing a user's input (such as a query, review, or behavior 

description), BERT processes this sequence as follows: 

Mathematical Representation of BERT Output: 

Let H𝐵𝐸𝑅𝑇 be the output of BERT after processing the input sequence 𝑊. The model generates a contextual 

embedding h𝑖 for each word 𝑤𝑖  in the sequence can be represented in the equation (2): 

H𝐵𝐸𝑅𝑇 = 𝐵𝐸𝑅𝑇(𝑊)     (2) 

Where 𝐵𝐸𝑅𝑇 is the pre-trained BERT model that outputs embeddings for each token in the sequence. h𝑖 ∈ ℝ𝑑 

represents the contextual embedding for token 𝑤𝑖 , where 𝑑 is the embedding dimension. After passing through 

BERT, each word 𝑤𝑖  in the sequence is transformed into a dense vector h𝑖 that represents its contextual meaning 

in the given sentence. 

LSTM for Sequential Dependencies 

After obtaining the contextual embeddings from BERT, LSTM networks are used to capture the temporal or 

sequential dependencies between these embeddings. This is important for tasks like user behavior prediction, 

where the sequence of interactions over time provides insights into future actions. 

An LSTM network processes the sequence of contextual embeddings H𝐵𝐸𝑅𝑇 = {h1, h2, … , h𝑛} from BERT step-

by-step, maintaining a cell state 𝑐𝑡 and a hidden state ℎ𝑡 that evolve over time. 

The LSTM update equations are as shown in the equation (3) to (9): 

Forget Gate: 

𝑓𝑡 = 𝜎(𝑊𝑓 ⋅ [ℎ𝑡−1, h𝑡] + 𝑏𝑓)     (3) 

Input Gate: 

𝑖𝑡 = 𝜎(𝑊𝑖 ⋅ [ℎ𝑡−1, h𝑡] + 𝑏𝑖)     (4) 
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Candidate Cell State: 

𝐶̃𝑡 = tanh⁡(𝑊𝐶 ⋅ [ℎ𝑡−1, h𝑡] + 𝑏𝐶)     (5) 

Cell State Update: 

𝐶𝑡 = 𝑓𝑡 ∗ 𝐶𝑡−1 + 𝑖𝑡 ∗ 𝐶̃𝑡      (6) 

Output Gate: 

𝑜𝑡 = 𝜎(𝑊𝑜 ⋅ [ℎ𝑡−1, h𝑡] + 𝑏𝑜)     (7) 

Hidden State Update: 

ℎ𝑡 = 𝑜𝑡 ∗ tanh⁡(𝐶𝑡)      (8) 

Where ℎ𝑡−1 is the previous hidden state. h𝑡 is the current token embedding from BERT. 𝐶𝑡−1 is the previous cell 

state. 𝑓𝑡 , 𝑖𝑡 , 𝑜𝑡 are they forget, input, and output gates, respectively. 𝑊𝑓 ,𝑊𝑖 ,𝑊𝐶 ,𝑊𝑜 are the weights for the 

respective gates. 𝑏𝑓 , 𝑏𝑖 , 𝑏𝐶 , 𝑏𝑜 are the biases for the respective gates. LSTM will output a sequence of hidden states 

ℎ1, ℎ2, … , ℎ𝑛, which capture the sequential dependencies and context across all tokens in the input sequence. 

Behavior Identification via Output Layer 

Once the LSTM processes the embeddings from BERT, the final hidden state ℎ𝑛 (or the entire sequence of hidden 

states {ℎ1, ℎ2, … , ℎ𝑛} ) can be passed through a fully connected layer to classify or predict the user's behavior. 

Behavior Prediction (Classification): 

For user behavior classification, the LSTM output ℎ𝑛 is passed through a softmax layer or a fully connected layer 

to produce the predicted class 𝑦̂ (e.g., "click," "buy," "like," etc.). it can be represented in the equation (9): 

𝑦̂ = softmax(𝑊out ⋅ ℎ𝑛 + 𝑏out )     (9) 

Where 𝑊out  is the weight matrix for the output layer. 𝑏out  is the bias term. SoftMax is the activation function that 

normalizes the output to a probability distribution over all possible user behaviors. For regression tasks (predicting 

continuous user behavior), a sigmoid or linear activation function might be used instead of SoftMax. 

3.4 PRODUCE RECOMMENDATION USING COLLABORATIVE FILTERING 

Collaborative filtering is a popular technique for building recommendation systems. It is based on the idea that 

users who have agreed on certain items in the past will also agree on other items in the future [48]. Collaborative 

filtering can be categorized into two primary types User-User Collaborative Filtering, Item-Item Collaborative 

Filtering [49]. In both types, the goal is to predict what a user might like based on the behaviour (such as ratings 

or interactions) of other users or items that are similar to the target user or item. Let’s break this down 

mathematically for both User-User and Item-Item Collaborative Filtering [50]. 

User-User Collaborative Filtering 

In User-User collaborative filtering, we predict a user's rating for an item based on the ratings of similar users 

(neighbors). 

Mathematical Equation for User-User Collaborative Filtering: 

Let's say we have a matrix 𝑅, where 𝑅𝑖𝑗 represents the rating of user 𝑖 for item 𝑗. 𝑁𝑖 represents the set of neighbors 

(other users) for user 𝑖. The basic idea is to predict the rating 𝑅̂𝑖𝑗 that user 𝑖 would give to item 𝑗 based on the 

ratings of other users who have similar preferences [51]. 

The prediction is usually computed as a weighted average of the ratings of similar users as shown in the equation 

(10): 

𝑅̂𝑖𝑗 = 𝜇 +
∑  𝑢∈𝑁𝑖

 (𝑅𝑢𝑗−𝜇)⋅sim(𝑖,𝑢)

∑  𝑢∈𝑁𝑖
 |sim(𝑖,𝑢)|

     (10) 

Where 𝑅̂𝑖𝑗 is the predicted rating of user 𝑖 for item 𝑗. 𝜇 is the average rating of all users (mean-centered value). 

𝑅𝑢𝑗 is the rating of user 𝑢 for item 𝑗. sim(𝑖, 𝑢) is the similarity between user 𝑖 and user 𝑢, typically calculated 

using a similarity measure like cosine similarity or Pearson correlation. 𝑁𝑖 is the set of neighbors (similar users) 

of user 𝑖. 
Cosine Similarity for Measuring Similarity: 

Cosine similarity between two users 𝑖 and 𝑢 is calculated as equation (11): 

sim(𝑖, 𝑢) =
∑  𝑗∈𝐼𝑖∩𝐼𝑢

 𝑅𝑖𝑗⋅𝑅𝑢𝑗

√∑  𝑗∈𝐼𝑖
 𝑅𝑖𝑗
2 ⋅√∑  𝑗∈𝐼𝑢  𝑅𝑢𝑗

2
     (11) 

Where 𝐼𝑖  is the set of items rated by user 𝑖. 𝐼𝑢 is the set of items rated by user 𝑢. 𝑅𝑖𝑗 is the rating of item 𝑗 by user 

𝑖. 𝑅𝑢𝑗 is the rating of item 𝑗 by user 𝑢. The idea is to find users who have similar rating patterns, and use their 

ratings to predict how user 𝑖 would rate an item 𝑗. 
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Item-Item Collaborative Filtering 

In Item-Item collaborative filtering, the focus is on the similarity between items, rather than users [52]. The goal 

is to recommend items that are similar to the ones the user has interacted with or rated positively. 

Mathematical Equation for Item-Item Collaborative Filtering: 

The prediction of how much user 𝑖 would like item 𝑗 is based on how similar item 𝑗 is to items the user has already 

rated. The prediction is calculated as a weighted average of the ratings of the user for items that are similar to 𝑗 as 

shown in the equation (12): 

𝑅̂𝑖𝑗 =
∑  𝑘∈𝑁𝑗

 sim(𝑗,𝑘)⋅𝑅𝑖𝑘

∑  𝑘∈𝑁𝑗
 |sim(𝑗,𝑘)|

      (12) 

Where 𝑅̂𝑖𝑗 is the predicted rating of user 𝑖 for item 𝑗. 𝑁𝑗 is the set of items similar to item 𝑗, based on user ratings. 

sim(𝑗, 𝑘) is the similarity between item 𝑗 and item 𝑘. 𝑅𝑖𝑘 is the rating of user 𝑖 for item 𝑘. 

Cosine Similarity for Items: 

Cosine similarity between two items 𝑗 and 𝑘 can be calculated as an equation (13): 

sim(𝑗, 𝑘) =
∑  𝑖∈𝑈𝑗∩𝑈𝑘

 𝑅𝑖𝑗⋅𝑅𝑖𝑘

√∑  𝑖∈𝑈𝑗
 𝑅𝑖𝑗
2 ⋅√∑  𝑖∈𝑈𝑘

 𝑅𝑖𝑘
2

     (13) 

Where 𝑈𝑗 is the set of users who have rated item 𝑗. 𝑈𝑘 is the set of users who have rated item 𝑘. 𝑅𝑖𝑗 is the rating 

of user 𝑖 for item 𝑗. 𝑅𝑖𝑘 is the rating of user 𝑖 for item 𝑘. Here, the similarity between items is computed by looking 

at how similarly users have rated them. The higher the similarity, the more likely it is that a user will like both 

items. 

 

4. RESULTS AND DISCUSSIONS 

The analysis of customer service satisfaction in e-commerce platforms reveals key patterns and factors that 

influence customer perceptions and loyalty [53]. By leveraging this data, businesses can identify pain points and 

optimize their customer service strategies to enhance overall user experience and satisfaction [54]. 

 
Figure 2: Personalization Engagement Score Over Time 

 

The graph above illustrates the trend of the Personalization Engagement Score over a five-week period. The score 

shows a consistent increase from Week 1 to Week 5, rising from 75.0 to 92.5, indicating an improvement in 

customer engagement as personalization efforts likely became more effective over time [55]. This upward 

trajectory suggests that as personalized experiences are refined, customers are increasingly interacting with the 

platform, leading to greater engagement [56]. The steady growth also reflects the potential success of continuous 

optimization in personalized content and interactions on the e-commerce platform. The Figure 2 shows the 

Personalization Engagement Score Over Time[57]. 
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Figure 3: Customer Interaction Rate Over Time 

 

The graph above illustrates the Customer Interaction Rate over a five-week period, showing a steady increase 

from 50% in Week 1 to 85% in Week 5. This upward trend highlights the growing effectiveness of engagement 

strategies, possibly through better-targeted personalization efforts or improved customer experience on the 

platform. The gradual rise indicates that as the platform refines its approach, customer interaction with 

personalized content becomes more frequent, reflecting a positive response to these strategies. The consistent 

growth in interaction rate over time suggests the success of ongoing initiatives to drive customer engagement. The 

Figure 3 shows the Customer Interaction Rate Over Time.  

 

5. CONCLUSIONN AND FUTURE WORKS 

The analysis of customer satisfaction in e-commerce platforms plays a crucial role in improving customer 

retention, enhancing service quality, and boosting business performance. By leveraging datasets like the E-

commerce Customer Service Satisfaction from Kaggle, businesses can gain actionable insights into customer 

behaviour, identify factors driving satisfaction or dissatisfaction, and implement data-driven strategies to enhance 

their services. Through various techniques such as sentiment analysis, clustering, and predictive modelling, 

businesses can better understand their customers' needs and pain points, which leads to improved communication, 

faster resolution of issues, and personalized customer interactions. In conclusion, understanding customer 

satisfaction in the e-commerce sector is not only beneficial for improving customer service but also critical for 

fostering brand loyalty and driving long-term growth. Future research could focus on expanding the dataset to 

include more diverse customer profiles, cross-platform interactions, and multi-channel communication to better 

represent the full scope of e-commerce customer experiences. Integrating machine learning models, such as deep 

learning or reinforcement learning, could enhance predictive accuracy, especially in anticipating customer queries 

or dissatisfaction. Additionally, exploring real-time customer service analytics and integrating chatbot 

technologies could provide businesses with immediate insights and enable faster response times. As customer 

expectations continue to evolve, continuously updating and refining models will be essential to stay ahead in 

providing optimal customer service. 
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