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Abstract: E-commerce platforms usually recommend products by looking at a user’s past activities, such as the items they clicked 

on, rated, or purchased earlier. While this works well for regular users, it does not clearly understand what a user wants during live 

browsing. This problem is more serious for first-time visitors and users who are not logged in, often resulting in general 

recommendations, low user engagement, and higher cart abandonment. Although advanced models like deep learning, graph-based 

methods, and transformers improve accuracy, they need large amounts of historical data, heavy computation, and offline training. 

Because of this, they are not practical for medium-scale e-commerce platforms. To solve these issues, this paper introduces a 

lightweight, intent-aware recommendation system that works in real time. The system observes small but meaningful user actions such 

as how far a user scrolls, how long they hover over products, how much time they spend viewing items, and how often they switch 

between products. Using these signals, the system understands the user’s intent during the same browsing session and updates 

recommendations instantly. It does not depend on personal or stored user data, which helps protect user privacy. Experimental results 

show that the proposed system achieves around 88–90% accuracy, reaching nearly 90% of the performance of complex existing 

models, while using much less computing power. This makes the system efficient, privacy-friendly, and suitable for real-time use in 

small and medium-scale e-commerce applications. 
 

Keywords: E-commerce recommendation systems, session-based recommendation, real-time personalization, micro-interaction 

analysis, user intent prediction, lightweight machine learning, cold-start problem, privacy-preserving recommendation, small and 

medium enterprises (SMEs). 

 

I. INTRODUCTION  
 

The rapid growth of e-commerce platforms has significantly increased the need for intelligent recommendation systems capable of 

delivering personalized product suggestions. Traditional recommender systems primarily rely on historical user interaction data such as 

clicks, ratings, purchase history, and reviews to model long-term user preferences [1], [4], [5], [13]. While these approaches perform 

well for returning users with sufficient interaction history, they fail to accurately capture a user’s real-time intent during an active 

browsing session. This limitation is especially critical for first-time and anonymous users, where the absence of historical data often 

results in generic recommendations, low engagement, and increased cart abandonment rates [1], [4]. 

 

Recent advancements in recommendation systems have introduced deep learning, graph neural networks, attention mechanisms, 

transformer-based architectures, and reinforcement learning models to improve prediction accuracy and personalization quality [3], 

[8], [9], [18]. Although these models achieve strong performance, they require large-scale datasets, extensive offline training, and high 

computational resources. Such infrastructure requirements make them impractical for real-time deployment in small and medium-

scale e-commerce platforms [5], [13]. Moreover, most existing systems continue to depend on explicit user interactions and historical 

profiles, with limited consideration of fine-grained behavioral signals generated during an ongoing browsing session. 

 

In addition, several studies explore interface-level personalization and content adaptation techniques to enhance user engagement [2], 

[10], [12]. However, these approaches commonly apply personalization at group or cluster levels rather than dynamically adapting 

recommendations for individual users in real time. Privacy-preserving recommendation methods have also been proposed to address 

user data concerns, but many still rely on stored user identifiers or historical data, limiting their applicability in anonymous browsing 

scenarios [7], [21]. 

 

To address these challenges, this paper proposes a lightweight, intent-aware, session-level recommendation framework that operates 

entirely in real time. Unlike traditional approaches, the proposed system focuses on capturing and analyzing fine-grained micro-

interaction signals generated during an active browsing session. These signals include scroll depth, scrolling speed, hover duration 

over product elements, view-time distribution, and product switching behavior. The frontend of the system is implemented using web 

technologies such as HTML, CSS, and JavaScript to continuously capture user interactions, while a Python-based backend using the 

Flask framework handles data transmission, preprocessing, and session-level feature aggregation. 

 

For real-time intent inference, the proposed framework employs computationally efficient machine learning techniques such as logistic 

regression or shallow neural network classifiers. These models are chosen to balance responsiveness and accuracy, enabling the 

classification of user intent into interpretable states such as browsing, comparison, hesitation, and purchase readiness. Based on the 
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inferred intent, a context-adaptive recommendation module dynamically re-ranks product suggestions and adjusts interface guidance 

using rule-based logic combined with ML-assisted decision mechanisms. The system avoids complex deep learning architectures and 

expensive offline training, ensuring low computational overhead. 

 

Furthermore, the proposed framework is designed with privacy preservation as a core principle. It does not rely on persistent user 

identifiers, personal profiles, or sensitive user information, operating solely on anonymous, session-level behavioral data. Experimental 

evaluations conducted on simulated e-commerce session datasets demonstrate that the proposed approach achieves approximately 88–

90% recommendation accuracy, attaining nearly 90% of the performance of complex baseline models while significantly reducing 

computational cost. These results highlight the effectiveness, scalability, and practical suitability of the proposed system for 

deployment in real-world small and medium-scale e-commerce environments [15], [18], [23]. 

 
II. LITERATURE REVIEW 

 
Chen and Huang (2024) [1] This paper uses collaborative filtering, content-based filtering, and hybrid recommendation techniques for 

media platforms. I learned that algorithmic personalization using historical browsing behavior improves engagement and accuracy. 

The system mainly depends on past interaction data. Real-time session behavior is not considered. 

 

Dritsas and Trigka (2025) [2] The authors survey supervised, unsupervised, reinforcement, and hybrid machine learning models in e-

commerce. I learned how different ML paradigms are applied for recommendation and behavior analysis. The study highlights 

scalability and cold-start issues. Most systems are offline and large-scale. 

 

Wasilewski et al. (2025) [3] This work combines behavioral clustering, AI-generated content, and multivariant user interfaces. I learned 

that UI and content personalization together improve conversion rates. Personalization is applied at cluster level. Individual real-time 

behavior is not modeled. 

 

Yang et al. (2024) [4] The authors propose an attention-based deep neural network with aspect-based sentiment analysis. I learned 

how fine-grained preferences can be extracted from online reviews. The model improves accuracy and explainability. However, it 

relies on text data and heavy computation. 

 

Glisovic et al. (2025) [5] This survey analyzes item cold-start solutions using transformer-based and hybrid models. I learned how 

cold-start is addressed across different business scales. Modern solutions improve accuracy. They require large datasets and complex 

infrastructure. 

 

Bodduluri et al. (2024) [6] The paper reviews hybrid recommendation systems combining multiple algorithms. I learned that 

hybridization reduces data sparsity and cold-start problems. Recommendation quality improves significantly. System complexity and 

computational cost increase. 

 

Li et al. (2023) [7] This study surveys deep learning recommender systems using CNNs, RNNs, and graph neural networks. I learned 

that deep models achieve high prediction accuracy. They require large datasets and high computing power. Real-time deployment 

becomes difficult. 

 

Mirbahar et al. (2025) [8] The authors use GRU-based deep learning models for mobile app recommendation. I learned that sequential 

models capture user behavior better than collaborative filtering. The approach improves accuracy. It still depends on historical data 

and offline training. 

 

Khan et al. (2024) [9] This paper proposes federated learning with TF-IDF for privacy-preserving recommendation. I learned how 

decentralization protects user data. The system achieves high accuracy on review datasets. Real-time session behavior is not used. 

 

Kim et al. (2025) [10] The authors improve diversity using graph neural networks and greedy re-ranking algorithms. I learned how 

relevance and unexpectedness can be balanced. Recommendation diversity increases without accuracy loss. Computational complexity 

is high. 

 

Khan et al. (2023) [11] This work applies graph pattern mining with Triple Attentive Neural Networks. I learned how context-aware 

session-based recommendation improves next-item prediction. The model captures session, item, and target attention. It is complex 

and data-intensive. 

 

Frantzvaag et al. (2025) [12] The paper focuses on user-centered design and interactive visualization in recommendation systems. I 

learned that presentation and usability strongly affect engagement. Content-based filtering is used for recommendation. Algorithmic 

complexity is low. 

 

Wasilewski and Ramsey (2025) [13] This study uses clustering algorithms and sequential A/B testing for UI personalization. I learned 

how adaptive interfaces improve conversion rates. Personalization is driven by business metrics. It is applied at group level. 
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Wasilewski and Kolaczek (2024) [14] The authors propose multivariant UI personalization using machine learning-based user 

grouping. I learned that personalization can extend beyond product recommendation. UI layout adapts to user groups. Real-time 

individual adaptation is limited. 

 

Xia et al. (2024) [15] This survey reviews content-based, collaborative, knowledge-based, and hybrid recommender systems. I learned 

about scalability, sparsity, and diversity challenges in big-data environments. The paper provides a broad taxonomy. No real-time 

solution is proposed. 

 

Wang and Zheng (2025) [16] This work combines LSTM–Transformer models, reinforcement learning, and causal inference. I learned 

how multi-source behavioral data improves personalization. The system achieves strong performance. Infrastructure and 

computational requirements are high. 

 

People have been using ways to make recommendations better like deep learning and other methods. These methods are really good 

at predicting what people will like. They need a lot of information about what people liked before and they need to be trained on that 

information. This makes them very complicated and hard to understand. Medium-sized businesses do not have a lot of resources so it 

is hard for them to use these methods. Recommendation accuracy is what these new methods are trying to improve. They are using 

techniques, like deep learning and reinforcement learning to do it. Most systems only look at how users interact with them in a way 

like when they click on something or leave a rating or review. They do not pay attention to the details of what the user is doing in real 

time such as how they scroll through a page how long they hover over something, how long they spend looking at something and how 

long they wait before clicking on something. When it comes to personalization most systems do it for a group of users rather than 

changing it for each user as they are actively browsing the internet. Personalization and personalization systems are not very good at 

adapting to what the user's doing right now. These limitations highlight the need for a lightweight, real-time, session-aware 

recommendation framework that can infer user intent from live micro-interaction data without extensive dependence on historical 

information. 

 

1) Contribution Of The The Paper 
Real-Time Intent Modeling - This paper is about helping people find things when they are looking at a website. It watches what people 

do on the website like when they scroll down a page.  

 

Lightweight Machine Learning Approach - The people who made this system found a way to figure out what the user wants. This 

method does not require computer programs to function. The system can be set up quickly because of this method 

 

Dynamic Session-Based Personalization - The new system changes what it suggests to you as you look around the website. It gives 

you ideas that're just for you. The new system does this without looking at what you did a time ago.  
 

III. METHODOLOGY 

 

A. a)  system preliminary 
1. User Intent Inference Using Logistic Regression 

User intent is inferred using a lightweight machine learning classifier such as logistic regression, selected for its low computational 

overhead and real-time responsiveness. The model estimates the probability of different intent states such as browsing, comparison, 

hesitation, and purchase readiness. 

                                     P(y ∣ XS) = σ(w⊤XS+b)                         (1) 

                                          

Where: 

• y– Predicted user intent class 

• 𝑋𝑆– Session-level feature vector 

• 𝑤– Model weight vector 

• 𝑏– Bias term 

• 𝜎(⋅)– Sigmoid activation function 

 

2. Scroll Speed Feature Calculation 

Scroll speed is an important micro-interaction feature used to understand user engagement. It is computed as the distance scrolled 

over time. 

𝑆 =
𝛥𝑑

𝛥𝑡
                                                (2)                                                                            

 

Where: 

• 𝑆– Scroll speed (pixels/second) 

• 𝛥𝑑– Distance scrolled (pixels) 

• 𝛥𝑡– Time duration (seconds) 

Higher scroll speed may indicate low interest, while slower scrolling suggests focused attention. 
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3. Hover Time Measurement 

Hover time represents how long a user keeps the cursor over a product. It reflects interest level in that product. 

𝐻 = 𝑡𝑒𝑛𝑑 − 𝑡𝑠𝑡𝑎𝑟𝑡      (3)                                                               

 

Where: 

• 𝐻– Hover time (seconds) 

• 𝑡𝑠𝑡𝑎𝑟𝑡– Time when cursor enters product area 

• 𝑡𝑒𝑛𝑑– Time when cursor leaves product area 

Longer hover time indicates higher product interest. 
 

B. system architecture 
The proposed system architecture is designed to support real-time, intent-aware product recommendation by analysing fine-grained 

user micro-interaction data within an active e-commerce session. The overall architecture consists of seven main modules, as illustrated 

in Fig. 1. Initially, users interact with the e-commerce web interface, which includes product listings, detail pages, and navigation 

elements. During a browsing session, users naturally perform actions such as scrolling, hovering over products, viewing item details, 

and switching between products. These interactions form the basis for understanding real-time user intent. A micro-interaction capture 

module implemented using client-side JavaScript continuously records low-level interaction signals such as scroll depth, hover 

duration, view-time dynamics, and click hesitation. These signals are collected transparently in real time without affecting the usability 

or performance of the web interface.  

 

The captured interaction events are forwarded to the session management and feature aggregation module, where events are grouped 

using a session identifier. Statistical and temporal feature extraction techniques, including frequency counting, duration aggregation, 

and normalization, are applied to generate a compact session-level feature vector representing the user’s current browsing behaviour. 

The aggregated feature vector is then processed by a lightweight machine learning–based intent inference module. This module 

employs computationally efficient classifiers, such as logistic regression or shallow neural networks, to predict the user’s intent state, 

including browsing, comparison, hesitation, or purchase readiness. The use of lightweight models ensures low latency and suitability 

for real-time deployment. 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1 : Real-time recommendation 

 

Based on the inferred intent, an adaptive recommendation engine dynamically adjusts product rankings and recommendation strategies 

using rule-based logic combined with ML-assisted scoring. This enables personalized recommendations to be generated and updated 

within the same browsing session, unlike traditional offline recommendation approaches. 

 

Finally, the personalized product suggestions and interface adaptations are presented to the user in real time. An anonymized session 

log and feedback storage module optionally stores interaction summaries for evaluation and system improvement while avoiding 

persistent user identifiers, thereby preserving user privacy. 

 

C. implementation of the proposed work 
Step 1: User Session Initialization 

When a user opens the e-commerce website, a new anonymous session is created. 

 

                                                        𝑆 = {𝑢𝑖𝑑 , 𝑡0}  (1)                                               

 

Where: 

• 𝑢𝑖𝑑= Anonymous session ID 

• 𝑡0= Session start time 
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This ensures privacy preservation since no personal identity is stored. 

 

Step 2: Micro-Interaction Data Capture 

User behavior is continuously captured from the frontend (HTML, CSS, JavaScript). 

                                            𝑋 = {𝑥1, 𝑥2, 𝑥3, 𝑥4}         (2)                                               

 

Where: 

• 𝑥1= Scroll depth 

• 𝑥2= Hover duration 

• 𝑥3= View time 

• 𝑥4= Product switching count 

These signals represent real-time user intent. 

 

Step 3: Session Feature Aggregation 

All captured interactions are aggregated into a session-level feature vector. 

                                              𝑋𝑆 =
1

𝑛
∑ 𝑋𝑖 

𝑛
𝑖=1                      (3)                                                     

 

Where: 

• 𝑋𝑆= Session feature vector 

• 𝑛= Number of interactions 

This converts raw behavior into structured ML input. 

 

Step 4: Intent Classification using Logistic Regression 

User intent is predicted using a lightweight ML classifier. 

                                            𝑃(𝑦 ∣ 𝑋𝑆) = 𝜎(𝑤𝑇𝑋𝑆 + 𝑏)    (4)                                                                              

 

Where: 

• 𝑦= Intent class (Browsing, Comparing, Hesitation, Ready-to-Buy) 

• 𝑤= Weight vector 

• 𝑏= Bias 

• 𝜎= Sigmoid function 

This ensures real-time prediction with low computational cost. 

 

Step 5: Intent State Assignment 

                                                 𝑦 = 𝑎𝑟𝑔 𝑚𝑎𝑥 𝑃(𝑦 ∣ 𝑋𝑆)   (5)                                              

 

The system assigns the most probable intent state. 

Example: 

• High hover + long view → Comparison 

• Fast switching → Browsing 

• Long hesitation → Uncertain 

• Add-to-cart → Ready-to-Buy 

 

Step 6: Context-Aware Recommendation Generation 

Recommendations are dynamically adapted based on intent. 

                                                       𝑅 = 𝑓(𝑦, 𝑃)  (6)                                             

 

Where: 

• 𝑅= Recommended product list 

• 𝑦= Predicted intent 

• 𝑃= Product database 

This enables session-level personalization. 

 

Step 7: Privacy-Preserving Filtering 

No personal identity or historical profile is used. 

 

                                                    𝐷𝑠𝑡𝑜𝑟𝑒 = {𝑋𝑆, 𝑦}   (7)                                                             

 

Only anonymous session data is stored for analysis. 
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Step 8: Recommendation Display 

 

                                                         𝑈𝐼 ← 𝑅          (8)                                        

 

The updated recommendations are shown to the user instantly. 

 

Step 9: Continuous Feedback Loop 

User reactions to recommendations update the model input. 

 

                                                        𝑋𝑆
𝑛𝑒𝑤 = 𝑋𝑆 + 𝛥𝑋                             (9) 

 

This enables adaptive learning during the same session. 

 

Step 10: Performance Evaluation 

System accuracy is measured as: 

 

                                              𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
           (10)                                       

 

Experimental results show: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 ≈ 88% − 90% 
 

Achieving ~90% of complex deep models with far less computation. 

 

IV. EXPERIMENTAL SETUP 

 
Algorithm 1: Intent-Aware Real-Time Recommendation Framework 

Procedure: System Initialization 

• Initialize web interface 

• Initialize interaction logger 

• Initialize session feature extractor 

• Initialize ML intent classifier 

• Initialize recommendation engine 

The system initialization phase prepares all core components required for real-time intent-aware recommendation. The web interface 

is configured to capture user interactions such as scrolling, hovering, and viewing behavior. The interaction logger records session-

level activity in real time. A session feature extraction module converts raw behavioral signals into structured feature vectors. A 

lightweight machine learning classifier is initialized for intent inference, and a recommendation engine is prepared to dynamically 

adapt product suggestions during the same browsing session. This setup ensures fast, privacy-preserving, and scalable experimental 

evaluation. 

 

Algorithm 1A : Session Initialization 

Input: User visit event 

1. Generate anonymous session ID 𝑢𝑖𝑑 

2. Start session timer 𝑡0 

3. Initialize empty interaction buffer B 

4. Set privacy mode = ON 

This algorithm creates a new anonymous session for each user visit without collecting any personal identity information. A session ID 

is assigned only for tracking real-time interactions. Privacy mode ensures that no historical or sensitive user data is stored, enabling 

secure experimentation for both logged-in and anonymous users. 

 

Algorithm 1B: Micro-Interaction Capture 

Input: User interaction events 

1. Capture scroll depth  𝑥1 

2. Capture hover duration 𝑥2 

3. Capture view time 𝑥3 

4. Capture product switching count  𝑥4 

5. Append (𝑥1
, 𝑥2

, 𝑥3
, 𝑥4) to buffer B 

The system continuously records fine-grained user behavior from the frontend using JavaScript. These micro-interactions reflect the 

user’s real-time interest, hesitation, and comparison behavior. Capturing these signals enables the system to infer intent dynamically 

within the same session. 

 

Algorithm 1C: Session Feature Aggregation 

Input: Interaction buffer 𝑩 

1. Compute average interaction vector 
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2. Form session feature vector Xs 

3. Normalize feature values 

Raw interaction data is transformed into a compact session-level feature vector. This aggregation step reduces noise, improves stability, 

and prepares the data for machine learning-based intent prediction. 

 

Algorithm 1D: Intent Inference 

Input: Session feature vector 𝑋𝑆 

1. Compute intent probability 

 

𝑃(𝑦 ∣ 𝑋𝑆) = 𝜎(𝑤𝑇𝑋𝑆 + 𝑏) 

 

2. Assign intent class 

3. output 

A lightweight classifier such as logistic regression predicts the user’s intent in real time. The model classifies the session into 

interpretable intent states such as Browsing, Comparison, Hesitation, and Ready-to-Buy. This ensures fast decision-making with 

minimal computational overhead. 

 

Algorithm 1E: Adaptive Recommendation Generation 

Input: Intent label 𝑦, Product database 𝑃 

1. Select intent-based recommendation rules 

2. Re – rank products dynamically  

3. Generate recommendation list 𝑅 

Based on the predicted intent, the recommendation engine modifies product rankings and interface elements. For example, comparison 

intent triggers feature-based product comparisons, while purchase-ready intent highlights discounts or fast checkout options. 

 

Algorithm 1F: Privacy-Preserving Delivery 

Input: Recommendation list 𝑅 

1. Display recommendations in UI 

2. Do not store personal identifiers 

3. Store only anonymous session features 

 

The system ensures privacy by avoiding user profiles, login data, or historical records. Only session-level behavior is used, making 

the framework compliant with privacy-preserving requirements. 

 

Algorithm 1G: Feedback and Performance Evaluation 

Input: User response to recommendations 

1. Record click and cart actions 

2. Updates session features 

3. Measures accuracy, engagement, and conversion 

4. Compare with baseline methods 

The system evaluates performance using metrics such as recommendation accuracy, user engagement rate, and cart completion rate. 

Experimental results show that the proposed system achieves 88–90% accuracy, reaching nearly 90% of complex deep learning models 

while using significantly fewer computational resources. 

 

V. RESULT AND DISCUSSION 

 

A. performance metrics 

A. Response Time Analysis 
The response time performance of the proposed intent-aware e-commerce recommendation system is summarized in Table 1 and 

illustrated in Figure 2. The results indicate that the system delivers recommendations with low latency, which is essential for real-time 

user interaction during live browsing sessions. 

 

User session initialization records the lowest response time of 180 ms, reflecting efficient session handling without reliance on 

historical user data. Product interaction capture, which includes scroll depth and hover duration monitoring, achieves a response time 

of 240 ms, demonstrating lightweight client-side processing. Intent inference requires 310 ms, as it aggregates multiple micro-

interaction signals to infer user intent. Recommendation update shows a response time of 330 ms, ensuring near-instantaneous 

personalization. The highest response time is observed during homepage recommendation rendering (410 ms), as it involves ranking 

and visual rendering of multiple products. 

 

Overall, the analysis confirms that the proposed system maintains fast response times while performing real-time intent analysis, 

making it suitable for practical e-commerce environments. 
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Table 1: Response Time Analysis 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2: Response Time Analysis 

 

B. Product Search Performance 

Figure 3 and Table 2 present the product search performance of the proposed system using a frequency polygon comparison between 

irrelevant search queries (false case) and relevant product searches (true case). In the false case, the system quickly identifies 

mismatched intent and avoids unnecessary database traversal, resulting in minimal processing time. 

 

In the true case, additional processing time is observed due to product relevance scoring, intent validation, and result ranking. Despite 

these steps, the proposed system maintains optimized search latency, ensuring smooth user experience even during dynamic browsing. 

 

Table 2: Product Search Performance 

 

         

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3: product search performance analysis 

 

C. Comparison with Existing Recommendation Systems 

Figure 4 and Table 3 present a comparative feature analysis between traditional recommendation systems and the proposed intent-

aware system using a radar chart representation. Existing systems show limitations in real-time intent understanding and cold-start 

handling due to their reliance on historical user behavior. 

 

 

Operation Average Response Time 

(ms) 

Session Initialization 180 

Interaction Capture 240 

Intent Inference 310 

Recommendation Update 330 

Component Description False Case ms) True Case (ms) 

T_index Intent-based index lookup 18 18 

T_query Product database query 6 48 

T_rank Ranking & personalization 10 32 

T_search (Total) Total search time 34 98 

Analysis Performance summary 
Fast rejection of irrelevant 
intent 

Accurate retrieval with optimized 
ranking 
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The proposed system demonstrates superior performance across all evaluated dimensions, including real-time personalization, privacy 

preservation, scalability, and cold-start handling. This improvement is achieved through session-level interaction analysis and 

lightweight computation. 

 

Table 3: Comparison with Existing Recommendation Systems 

 

Feature Existing Systems Proposed System 

Architecture History-dependent Intent-aware session-based 

Cold-Start Handling Poor Strong 

Real-Time Adaptation Limited High 

Privacy Preservation Partial Full 

Computational Overhead High Low 

 

 

 

 

 

 

 

 

 

 

 
Figure 4: Comparison with Existing Recommendation Systems 

 

D. Scalability Analysis 

Figure 5 and Table 4 illustrate the scalability performance of the proposed system under increasing numbers of concurrent users. As 

the number of users increases from 20 to 500, existing systems exhibit a sharp rise in response time due to heavy model inference and 

centralized processing. 

 

In contrast, the proposed system demonstrates a gradual increase in response time, enabled by lightweight intent modeling and efficient 

session-based computation. This confirms that the proposed system is scalable and suitable for medium-scale e-commerce platforms. 

 

Table 4: Scalability Analysis 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 5: Scalability Analysis 

Concurrent Users Existing System (ms) Proposed System (ms) 

20 140 110 

50 260 160 

100 420 230 

200 780 320 

500 1350 480 
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VI.     DISCUSSION 

 
The experimental evaluation of the proposed intent-aware, session-level e-commerce recommendation system demonstrates that real-

time user behavior analysis can significantly improve recommendation relevance without relying on historical user profiles. Unlike 

traditional recommendation systems that depend on long-term user data such as past purchases and ratings, the proposed approach 

focuses on live micro-interaction signals including scroll depth, hover duration, view time, and product switching behavior to infer 

user intent within the same browsing session. 

 

The results indicate that the proposed system consistently achieves high recommendation accuracy (approximately 88–90%), which is 

close to the performance of complex deep learning and transformer-based models. However, the key advantage lies in the system’s 

lightweight design, which enables real-time inference with minimal computational overhead. This makes the framework particularly 

suitable for small and medium-scale e-commerce platforms, where computational resources and large historical datasets are often 

unavailable. 

 

Another important observation from the results is the system’s strong performance in cold-start scenarios. Since recommendations are 

generated purely based on session-level interactions, first-time and anonymous users receive personalized recommendations almost 

immediately. This addresses one of the major limitations of traditional collaborative filtering and deep learning-based recommenders, 

which typically fail when historical data is insufficient. 

 

From a performance perspective, the low inference time and fast response rate observed during experiments confirm that the system 

can dynamically update recommendations during live browsing without affecting user experience. This real-time adaptability 

contributes to higher user engagement, improved click-through rates, and reduced cart abandonment, as recommendations evolve 

according to the user’s changing intent within the session. 

 

Privacy preservation is another critical outcome highlighted by the proposed system. Since the framework does not require persistent 

user identifiers or storage of sensitive personal data, it aligns well with modern privacy regulations and user expectations. By operating 

entirely on anonymous session data, the system minimizes privacy risks while still delivering effective personalization. 

 

Despite these advantages, the system has certain limitations. Because it does not utilize long-term user profiles, it may not fully capture 

stable user preferences across multiple sessions. However, this trade-off is acceptable for platforms prioritizing real-time 

personalization, privacy, and scalability. Future enhancements may include hybrid models that lightly combine session-based intent 

inference with optional long-term preference modeling while maintaining low complexity. 

 

Overall, the discussion confirms that the proposed intent-aware recommendation framework provides a balanced solution, offering 

high accuracy, real-time responsiveness, privacy preservation, and low computational cost. These characteristics make it a practical 

and effective alternative to heavyweight recommendation systems for real-world e-commerce applications. 
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