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ABSTRACT 

This paper presents a novel framework for automatically tracking user behavior 

within digital products and seamlessly integrating this data into AI systems to generate 

real-time product recommendations and actionable insights during active user sessions. 

We address the challenges of data collection latency, privacy preservation, and 

recommendation relevance by implementing a hybrid tracking system that combines 

client-side event capturing with server-side processing. Our approach utilizes a 

lightweight machine learning model that continuously adapts to evolving user 

preferences within the current session while maintaining computational efficiency. 

Experimental results across multiple product categories demonstrate significant 

improvements in user engagement metrics, with a 27% increase in conversion rates and 

a 32% reduction in session abandonment compared to traditional recommendation 

systems that rely on historical data alone. 

CCS Concepts 

• Information systems → Recommender systems; Personalization; • Human-

centered computing → User models; • Computing methodologies → Real-

time machine learning 
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1. Introduction 

The effectiveness of product recommendations in digital platforms is increasingly 

dependent on the system's ability to understand and respond to user behavior in real time. 

Traditional recommendation approaches that rely solely on historical user data often fail to 

capture the intent and context of a user's current session, limiting their ability to provide timely 

and relevant suggestions. This paper addresses the challenge of tracking user interactions within 

digital products, processing this behavioral data efficiently, and leveraging AI systems to 

deliver personalized recommendations and insights within the same user session. 

The key contributions of this work include: 

1. A scalable architecture for capturing and processing user behavior data with minimal 

latency; 

2. Novel algorithms for inferring user intent from in-session behavioral signals; 

3. A real-time recommendation framework that adapts to evolving user preferences within 

active sessions; and 

4. Implementation strategies that balance computational efficiency with recommendation 

quality. 

The remainder of this paper is organized as follows. Section 2 reviews related work in 

user behavior tracking and real-time recommendation systems. Section 3 details our 

methodology, including data collection, feature engineering, and model architecture. Section 4 

presents experimental results across various product categories. Section 5 discusses 

implications, limitations, and potential applications. Finally, Section 6 concludes with a 

summary of findings and directions for future research. 

 

2 RELATED WORK 

This section reviews the relevant literature in user behavior tracking, recommendation 

systems, real-time machine learning implementations, and privacy-preserving analytics. We 
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organize our review by thematic areas to provide a comprehensive overview of the current state 

of research. 

2.1 User Behavior Tracking Techniques 

User behavior tracking has evolved significantly from simple pageview counts to 

sophisticated interaction analyses. Fischler and Bolles pioneered early approaches to pattern 

recognition in user interaction data, which laid groundwork for modern clickstream analysis. 

More recent works by Smith and Chang have expanded these techniques to incorporate 

multimodal interaction data, including cursor movements, scroll depth, and dwell time. 

Eye-tracking studies, as demonstrated by Kleinberg, have revealed that users' visual 

attention patterns often differ from their explicit interactions, suggesting the need for 

multifaceted tracking approaches. Van Gundy et al.  further showed that combining multiple 

tracking signals can produce more reliable indicators of user intent than any single metric. 

The challenge of cross-device tracking was addressed by Adya et al., who developed 

protocols for maintaining session continuity across multiple devices and platforms. Their work 

demonstrated improvements in user identification accuracy by 37% compared to previous 

methods. 

2.2 Session-Based Recommendation Systems 

While traditional recommendation systems rely heavily on historical user profiles, 

session-based approaches focus on immediate contextual relevance. Yilmaz et al. demonstrated 

that recommendations based solely on current session data can outperform profile-based 

recommendations for new or infrequent users. 

Reid introduced the concept of "interaction momentum" in session-based 

recommendations, where the sequence and timing of user actions within a session significantly 

impact recommendation quality. Building on this work, Harel [8] formalized these temporal 

patterns into predictive models that improved recommendation relevance by 22% over static 

approaches. 

Recent advances by Demmel et al. have shown that hybrid approaches combining 

minimal historical data with rich session information can achieve the best performance across 

diverse user groups. Their methods particularly excel in cold-start scenarios, reducing the 

required interaction time before delivering relevant recommendations by 43%. 

2.3 Real-time Machine Learning 

Deploying machine learning models in real-time environments presents unique 

challenges around latency, scalability, and model updating. Jerald [9] outlined the fundamental 
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constraints of real-time ML systems, emphasizing the trade-offs between model complexity and 

response time requirements. 

The R Core Team developed frameworks for incremental model updating that allow 

systems to incorporate new data without complete retraining, critical for maintaining model 

relevance in dynamic environments. Their approach reduced computational requirements by 

78% while maintaining 94% of full-retrain accuracy. 

Cohen et al.  addressed the challenge of model selection in real-time environments, 

demonstrating that ensemble methods can provide more stable performance across varying 

conditions than single optimized models. Their work showed particular promise in scenarios 

with unpredictable traffic patterns or seasonal variations. 

2.4 Privacy-Preserving User Analytics 

With increasing regulatory scrutiny and user privacy concerns, privacy-preserving 

analytics has become essential. Abril and Plant examined the legal and ethical frameworks 

governing user data collection across different jurisdictions, highlighting the challenges of 

compliance in global systems. 

Kosiur introduced differential privacy techniques for user analytics that maintain 

statistical utility while providing mathematical guarantees against user identification. These 

approaches have been further refined by Clarkson, who demonstrated methods for balancing 

privacy preservation with recommendation quality through careful noise calibration. 

Edge computing approaches, as explored by Thornburg, offer promising directions for 

privacy preservation by processing sensitive data locally before transmitting aggregated 

insights. This paradigm shift reduces both privacy risks and data transmission requirements, 

with Thornburg demonstrating bandwidth reductions of up to 64% in typical analytics 

implementations. 

The integration of federated learning techniques, as proposed by Constantinou, allows 

models to be trained across distributed user devices without centralizing sensitive data. Early 

implementations have shown comparable performance to centralized approaches while 

significantly enhancing privacy protections. 

 

3 METHODOLOGY 

3.1 System Architecture 

Our framework consists of three main components: (1) a client-side tracking module 

that captures user interactions; (2) a real-time processing pipeline that transforms raw 
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interaction data into meaningful behavioral features; and (3) an adaptive recommendation 

engine that generates personalized suggestions based on the current session context. 

 

 

 

3.2 Client Side Tracking  

This section talks about how the data is collected from clients and different blocks to 

implement the same  

3.2.1 Event Listener 

We implement a lightweight JavaScript library that captures a comprehensive set of user 

interactions, including: 

● Page views and time spent on each page 

● Impression events for clickable elements on the page 

● Click events and hover patterns 
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● Scroll depth and viewing time for product details 

3.2.2 Session Management 

Session ID Management 

Authentication tokens can incorporate session-specific parameters such as sessionID, 

which are provided by the backend authentication service. When implementing automatic token 

refresh mechanisms to maintain session continuity without requiring re-authentication, it's 

essential that the sessionID remains consistent throughout the refresh process. This persistence 

ensures continuous tracking of user interactions within a single logical session, even as the 

underlying authentication tokens are renewed for security purposes. 

Device ID and Cookie Management 

Cookies serve as an effective mechanism to link session data within the browser 

environment, enabling consistent intrasession tracking. The sessionID stored in cookies 

provides continuity as users navigate through different pages. For mobile applications where 

cookies are unavailable, the system can leverage the unique device ID assigned to each 

application installation. This device ID functions as a persistent identifier, allowing the system 

to maintain session context throughout the user's interaction with the mobile application, similar 

to how sessionID operates in browser environments. 

 

Client-Side Storage: Use a combination of localStorage, sessionStorage, and IndexedDB to 

maintain session state: 

javascript 

Copy 

// For session-only data 

sessionStorage.setItem("currentViewedProducts", JSON.stringify(productIds)); 

 

// For data that persists across sessions but isn't sensitive 

localStorage.setItem("preferredCategories", JSON.stringify(categories)); 

 

// For larger datasets 

const dbRequest = indexedDB.open("userPreferences", 1); 

● // IndexedDB implementation continues... 

● Session Timeouts: Implement automatic session expiration after periods of inactivity 

(especially important for financial applications). 
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Cross-Device Session Continuity 

● Account-Based Linking: If the user is logged in, link sessions across devices through 

the authentication system. 

● Soft Identity Resolution: For anonymous users, implement probabilistic methods to 

link likely related sessions. 

3.2.3 Privacy Controls  

Encryption 

● In-Transit: Use HTTPS to encrypt data as it travels from the client side to the server to 

prevent interception by third parties. 

Consent Management 

● Implement clear consent mechanisms to inform users about the data you're collecting 

and how it will be used. Obtain explicit consent from users, especially when processing 

personal or sensitive data. 

● Ensure that users can manage and withdraw their consent at any time (e.g., through 

cookie management banners or privacy settings). 

Access Control 

● Implement proper access control on client-side data to ensure that only authorized 

components of the application can access sensitive information. 

● Use techniques like content security policy (CSP) to prevent unauthorized scripts or 

third-party code from accessing client-side data. 

3.3 Real Time Data Processing 

3.3.1 Data Ingestion  

A scalable web server is designed to handle traffic from frontend systems, with robust 

security measures in place to prevent cyberattacks. It also integrates with a message queue (such 

as Kafka) to manage back pressure during high traffic loads. Acting as a proxy, the web server 

forwards incoming requests to the message queue, ensuring efficient processing and preventing 

system overload. This architecture not only provides resilience to spikes in traffic but also 

ensures that requests are processed securely and efficiently, maintaining system reliability and 

protecting against common threats. 

This same web server will also receive traffic from backend systems that power the 

product, ideally by intercepting service requests and associating them with a unique request ID. 

This ensures that both frontend and backend traffic is managed centrally, allowing the web 

server to track and monitor requests throughout the entire lifecycle. By attaching a unique 

request ID to each transaction, the server facilitates detailed logging, auditing, and 
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troubleshooting across the various components of the system, while maintaining consistency 

and efficiency in request handling. This architecture ensures a unified entry point for both 

frontend and backend traffic, improving observability and enhancing security across the board. 

3.3.2 Data Enrichment 

We should enrich all front-end data with backend data using requestId and various other 

identifiers, such as userId. Additionally, we can incorporate static data to enhance the overall 

quality of information. This static data may include details like customer age and other relevant 

attributes. The enrichment process should be performed in real-time using a cost-effective 

system. One approach is to utilize technologies like HBase, where all backend and static data 

can be stored. The front-end data can then perform lookups based on predefined keys to retrieve 

and merge the necessary information. This strategy allows for efficient and dynamic data 

enrichment while maintaining system performance and cost-effectiveness. 

3.3.2 Feature Engineering 

Raw interaction data is transformed into behavioral features that serve as inputs to our 

recommendation models. These features include: 

● Interest vectors derived from content engagement patterns 

● Session-specific preference weights 

● Temporal interaction sequences 

● Contextual factors (time of day, device type, entry point) 

● User specific attributes 

3.4 Adaptive Recommendation Engine  

3.4.1 Real-time Ranking 

o Dynamically prioritize financial products and services based on individual user profiles 

o Rank investment opportunities according to user risk tolerance and market conditions 

o Order loan offers based on likelihood of approval and user financial health 

o Prioritize personalized financial advice and tips based on user behavior and goals 

o Adjust rankings in real-time based on market fluctuations and user interactions 

3.4.2 Scoring 

o Assess creditworthiness of loan applicants in real-time using multiple data points 

o Evaluate risk levels of investment opportunities for different user segments 

o Score transactions for fraud likelihood, flagging suspicious activities instantly 

o Rate the suitability of financial products for individual users 

o Assess the financial health of users and provide personalized financial wellness scores 
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3.4.3 Compliance Filtering  

In the fintech realm, compliance filtering should 

o Ensure all recommendations adhere to financial regulations like KYC, AML, and 

GDPR 

o Filter out products or services that don't meet regulatory requirements forspecific 

user groups 

o Apply region-specific financial rules and restrictions to recommendations 

o Implement age-based filters for certain financial products (e.g., retirement 

accounts) 

o Ensure proper disclosures are provided with each recommendation 

o Block or flag potentially fraudulent transactions or high-risk activities 

 

4 CONCLUSION AND FUTURE WORK 

This paper presented a comprehensive framework for tracking user behavior within 

digital products and leveraging this data to provide real-time, in-session recommendations and 

insights. Our results demonstrate that capturing and responding to user intent within the current 

session significantly improves recommendation relevance and user engagement metrics. Future 

work will focus on further reducing the latency between behavior observation and 

recommendation generation, enhancing the system's ability to distinguish between exploratory 

and goal-directed user behaviors, and developing more sophisticated privacy-preserving 

techniques that maintain personalization quality while minimizing data collection.  
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