
IJDIM, 2026, 5 (1), 534-543 | 534 International Journal of Data Science and IoT Management System 

International Journal of 

           DATA SCIENCE AND IOT MANAGEMENT SYSTEM 
Peer Reviewed, Referred & Indexed Journal 

                 ISSN: 3068-272X                                           www.ijdim.com                                              Original Research Paper 

 

MICRO-DECISION IMPACT ANALYSIS USING USER CLICK STREAM DATA 

1K. BINDU PRIYA, 2Y VANAJA, 3G PRAVEEN KUMAR, 4K SANJANA, 5V NAGASAI 

1Assistant Professor, 2345Students, Department of Computer Science and Engineering, SRI VASAVI 

INSTITUTE OF ENGINEERING & TECHNOLOGY, NANDAMURU, ANDHRA PRADESH 

 

ABSTRACT  

The rapid growth of e-commerce and web-based 

applications has increased the importance of 

understanding detailed user behavior during online 

interactions. Every action performed by a user on a 

digital platform, such as clicking, scrolling, 

hovering, or pausing on a page, represents a micro-

decision that contributes to the overall outcome of a 

browsing session. Traditional web analytics 

systems typically focus on high-level metrics such 

as page views, bounce rates, and session duration, 

which often fail to explain the underlying 

behavioral patterns that influence user conversion. 

This research presents a system for Micro-Decision 

Impact Analysis using User Click Stream Data to 

capture and analyze fine-grained interaction events 

generated during user sessions. The proposed 

system integrates a lightweight JavaScript tracking 

mechanism embedded in the client application to 

record interaction signals including clicks, scroll 

behavior, hover duration, zoom interactions, and 

dwell time. These events are transmitted to a 

FastAPI-based backend server and stored in a 

structured MySQL database. After session 

completion, feature engineering techniques are 

applied to generate session-level behavioral metrics 

such as hesitation score, scroll velocity, hover 

duration, zoom interaction frequency, and review 

reading time. A machine learning model based on 

the XGBoost algorithm is then trained using both 

publicly available datasets and real-time session 

data to predict user conversion probability. To 

improve transparency and interpretability, SHAP 

(SHapley Additive exPlanations) is used to quantify 

the contribution of each feature to the prediction 

outcome. The system also supports automatic 

model retraining when new session data 

accumulates and provides role-based dashboards 

and an analytics chatbot to deliver actionable 

insights for improving user experience and 

optimizing conversion strategies. 

I INTRODUCTION  

The rapid advancement of digital technologies and 

the expansion of online services have significantly 

transformed the way users interact with web 

platforms. E-commerce websites, digital 

marketplaces, and service portals generate massive 

amounts of behavioral data that reflect how users 

navigate and interact with digital interfaces. 

Understanding these behavioral patterns is essential 

for improving user experience, increasing customer 

engagement, and enhancing conversion rates. 

Clickstream data represents a detailed record of the 

sequence of actions performed by users while 

browsing a website, including page visits, clicks, 

scrolling behavior, and interaction durations. These 

events provide valuable insights into the decision-

making processes of users during their online 

sessions. Traditional web analytics tools mainly 

focus on aggregated statistics such as page views, 

session duration, and bounce rates, which provide 

only a limited understanding of user behavior [1]. 

Researchers have emphasized the importance of 
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analyzing detailed interaction patterns to uncover 

deeper insights into how users interact with digital 

interfaces [2]. Clickstream analysis has been 

widely used to understand navigation behavior and 

identify patterns associated with user engagement 

[3]. Studies in web usage mining highlight that 

detailed behavioral signals can reveal hidden 

relationships between interface design and user 

actions [4]. Data mining techniques have been 

applied to analyze browsing patterns and discover 

meaningful behavioral insights from large web 

datasets [5]. With the increasing availability of 

large-scale data collection systems, researchers 

have started exploring more sophisticated 

analytical techniques to study user interactions and 

predict behavioral outcomes [6]. 

Machine learning has become an important tool for 

analyzing clickstream data and modeling user 

behavior in digital environments. Various 

predictive models have been developed to estimate 

the likelihood of user actions such as purchases, 

registrations, or session abandonment based on 

browsing patterns and interaction features [7]. 

Algorithms such as decision trees, logistic 

regression, and support vector machines have been 

applied to classify user sessions and predict 

conversion outcomes [8]. Recent advancements in 

gradient boosting algorithms have further improved 

the predictive capabilities of machine learning 

models for behavioral analytics [9]. Feature 

engineering techniques are used to transform raw 

clickstream data into meaningful behavioral 

indicators that represent user engagement and 

decision-making processes [10]. Metrics such as 

hesitation time, scrolling speed, hover duration, and 

interaction frequency provide valuable insights into 

how users evaluate content before making 

decisions [11]. Modern web technologies allow the 

integration of lightweight event tracking scripts that 

capture real-time interaction data from user 

sessions [12]. These systems enable organizations 

to collect detailed behavioral information without 

affecting website performance [13]. Furthermore, 

explainable artificial intelligence methods have 

been introduced to interpret machine learning 

predictions and identify the key factors influencing 

user decisions [14]. Techniques such as SHAP 

analysis help quantify the contribution of individual 

features to model predictions and improve 

transparency in decision-making systems [15]. As a 

result, micro-decision impact analysis has emerged 

as an important approach for understanding user 

behavior and improving digital platform 

performance [16]. 

II LITERATURE SURVEY  

User behavior analysis in web environments has 

been widely studied in the fields of web mining, 

data analytics, and human–computer interaction. 

Early research in web usage mining focused on 

analyzing server logs to identify navigation patterns 

and frequently visited pages within websites [17]. 

These studies primarily relied on session statistics 

and page transition sequences to understand user 

browsing behavior. Data mining techniques such as 

clustering and association rule mining were 

commonly used to identify patterns in user 

navigation paths [18]. Although these approaches 

provided useful insights into website usage 

patterns, they lacked the ability to capture detailed 

user interactions occurring within individual pages. 

Later studies introduced clickstream analytics 

frameworks that collect detailed event-level data 

such as clicks, scrolling behavior, and mouse 

movements [19]. These systems provided a deeper 

understanding of user engagement by analyzing 

how users interact with different interface 
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components. Researchers have shown that 

analyzing detailed interaction signals can 

significantly improve the accuracy of user behavior 

prediction models [20]. Predictive analytics 

techniques have been widely used to identify 

patterns that indicate purchase intent or session 

abandonment [21]. Logistic regression and decision 

tree models have been used to predict user 

conversion outcomes based on browsing behavior 

and interaction features [22]. However, these 

traditional models often struggle to capture 

complex relationships between multiple behavioral 

variables. 

Recent research has focused on applying advanced 

machine learning algorithms to analyze large-scale 

clickstream datasets and extract meaningful 

behavioral insights. Gradient boosting models such 

as XGBoost have demonstrated superior 

performance in predicting user actions due to their 

ability to handle nonlinear relationships and 

complex feature interactions [23]. Researchers have 

also explored feature engineering techniques that 

transform raw interaction data into behavioral 

metrics such as engagement level, hesitation score, 

and exploration depth [24]. These features help 

capture subtle user behaviors that influence 

decision-making processes. Deep learning models 

have also been applied to sequential clickstream 

data to identify temporal patterns in browsing 

behavior [25]. Recurrent neural networks and 

sequence modeling techniques have been used to 

analyze the order and timing of user interactions 

within sessions [26]. In addition to predictive 

modeling, explainable artificial intelligence has 

become an important area of research in behavioral 

analytics. Methods such as SHAP and LIME 

provide interpretable explanations for machine 

learning predictions and help identify the factors 

that influence user decisions [27]. These techniques 

enable analysts to understand why certain 

behavioral features lead to specific outcomes and 

provide actionable insights for improving website 

design and user experience [28]. Modern analytics 

platforms also integrate visualization dashboards 

and conversational interfaces that allow 

stakeholders to explore behavioral insights through 

interactive reports and natural language queries 

[29]. Overall, the literature highlights the growing 

importance of combining clickstream data 

collection, machine learning analysis, and 

explainable AI techniques to understand user 

behavior in digital environments [30]. 

III METHODOLOGY  

The methodology for the proposed Micro-Decision 

Impact Analysis system consists of multiple stages 

including data collection, preprocessing, feature 

engineering, machine learning modeling, and 

interpretability analysis. The process begins with 

the collection of user interaction data through a 

lightweight JavaScript tracking script embedded in 

the client-side application. This tracker captures 

various interaction events during a browsing 

session, including mouse clicks, scroll movements, 

hover durations, zoom interactions, and dwell time 

on specific content sections. Each interaction event 

is recorded with a timestamp and a unique session 

identifier to maintain session continuity. The 

captured events are transmitted to a backend server 

implemented using the FastAPI framework through 

RESTful API endpoints. The backend validates 

incoming data and stores the interaction logs in a 

MySQL database where session information, event 

types, and timestamps are organized in structured 

tables. After session completion, preprocessing 

techniques are applied to clean the data, remove 

incomplete records, and organize events into 
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session-level datasets. The next stage involves 

feature engineering, where raw interaction logs are 

transformed into behavioral metrics that represent 

micro-decision indicators. These features include 

hesitation score, scroll velocity, hover duration, 

zoom interaction count, and review reading time. 

The engineered features are combined with labeled 

session outcomes indicating whether a user 

completed a conversion or abandoned the session. 

A machine learning model based on the XGBoost 

algorithm is then trained using both publicly 

available datasets and collected session data. The 

dataset is divided into training and testing subsets 

to evaluate model performance. After training, 

SHAP analysis is applied to interpret the model 

predictions by quantifying the contribution of each 

feature to the predicted conversion probability. The 

system also includes an automated retraining 

mechanism that updates the model when sufficient 

new session data becomes available. 

IV SYSTEM DESIGN  

The system design for the Micro-Decision Impact 

Analysis platform follows a modular architecture 

that integrates client-side event tracking, backend 

processing, data storage, machine learning 

analytics, and visualization components. The first 

component of the system is the client-side tracking 

module implemented using a lightweight 

JavaScript script embedded within the web 

application. This module monitors various user 

interactions including clicks, scrolling behavior, 

hover events, zoom actions, and page navigation 

activities. Each interaction event is recorded along 

with metadata such as timestamp, page identifier, 

session ID, and interaction type. The tracking 

module operates asynchronously to ensure that 

event logging does not affect the performance of 

the web application. Once the events are captured, 

they are transmitted securely to the backend server 

through RESTful API calls. The backend 

component of the system is implemented using the 

FastAPI framework, which handles event ingestion, 

validation, and data storage. FastAPI provides high 

performance and scalability for handling large 

volumes of interaction data generated by multiple 

users simultaneously. The collected clickstream 

data is stored in a MySQL database where 

structured tables maintain session information, 

event details, and interaction metrics. This storage 

architecture ensures efficient data retrieval for 

analytics and model training processes. 
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The analytics and machine learning layer forms the 

core intelligence component of the system. After 

session completion, stored interaction data is 

processed through feature engineering modules that 

convert raw event logs into meaningful behavioral 

metrics. These metrics represent micro-decision 

indicators such as hesitation score, scroll velocity, 

hover duration, zoom interaction frequency, and 

review reading time. The processed dataset is then 

used to train a predictive model based on the 

XGBoost algorithm. The model estimates the 

probability of user conversion for each browsing 

session. To improve transparency and 

interpretability, the system integrates SHAP 

analysis to explain model predictions and identify 

the most influential behavioral features affecting 

the outcome. The system also includes a model 

retraining module that periodically updates the 

machine learning model when sufficient new 

session data becomes available. Additionally, the 

platform provides role-based dashboards for 

different user personas including Admin, Analyst, 

and Machine Learning Engineer. These dashboards 

present visual analytics such as feature importance 

charts, session flow diagrams, and conversion 

prediction statistics. An integrated analytics chatbot 

enables users to ask natural language questions 

regarding behavioral patterns, feature impacts, and 

user experience recommendations derived from 

SHAP insights. This architecture ensures efficient 

data collection, scalable processing, and actionable 

insight generation for improving digital platform 

performance. 

V PROPOSED SYSTEM  

The proposed system introduces an intelligent 

framework for analyzing micro-level user 

interactions in digital platforms to better understand 

decision-making behavior and improve conversion 

outcomes. Traditional web analytics systems rely 

mainly on aggregated metrics such as page views, 

bounce rates, and session duration, which provide 

limited insights into the actual behavioral factors 

influencing user decisions. In contrast, the 

proposed system focuses on capturing detailed 

interaction signals that represent individual micro-

decisions performed by users while navigating a 

website. These micro-decisions include actions 

such as clicking on specific elements, hovering 

over product descriptions, scrolling through content 

sections, zooming into images, and pausing on 

certain interface components. Each of these actions 

reflects a level of interest or hesitation that 

contributes to the overall decision-making process 

of the user. By capturing and analyzing these 

interaction events, the system provides a deeper 

understanding of how users evaluate content and 

navigate digital interfaces before completing or 

abandoning a transaction. The proposed framework 

includes a lightweight JavaScript tracker that 

records interaction events in real time without 

affecting page performance. These events are 

transmitted to a scalable backend infrastructure 

where they are stored, processed, and analyzed to 

identify behavioral patterns associated with 

successful conversions. 

Another key feature of the proposed system is the 

integration of advanced machine learning 

techniques for predictive behavioral analysis. After 

collecting interaction data, feature engineering 

methods are applied to generate meaningful 

behavioral metrics such as hesitation score, 

interaction frequency, scroll velocity, and content 

engagement level. These features serve as inputs to 

a predictive model based on the XGBoost 

algorithm, which estimates the probability that a 

user session will result in a conversion. The model 
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analyzes the relationships between behavioral 

signals and session outcomes to identify patterns 

that indicate purchase intent or abandonment risk. 

To ensure transparency and trust in the predictions 

generated by the model, the system integrates 

SHAP (SHapley Additive exPlanations) analysis. 

SHAP provides detailed explanations of how each 

feature contributes to the final prediction outcome, 

allowing analysts to understand the factors 

influencing user decisions. The system also 

includes automated model retraining capabilities 

that update the predictive model as new session 

data becomes available. In addition, role-based 

dashboards and an analytics chatbot provide 

intuitive interfaces for exploring behavioral 

insights and generating user experience 

recommendations. By combining real-time 

interaction tracking, machine learning prediction, 

and explainable AI techniques, the proposed system 

provides a comprehensive solution for micro-

decision impact analysis in digital environments. 

VI RESULTS & DISCUSSION  

The experimental evaluation of the proposed 

system demonstrates its effectiveness in predicting 

user conversion outcomes using micro-level 

interaction data. The XGBoost model trained on 

engineered behavioral features achieved higher 

prediction accuracy compared to baseline models 

that relied only on traditional session metrics. 

Features such as hesitation score, hover duration, 

and scroll velocity were found to have significant 

influence on conversion predictions. SHAP analysis 

provided detailed explanations of the model 

predictions and identified the most influential 

features contributing to user decisions. The analysis 

revealed that sessions with higher engagement 

levels and longer content exploration durations 

were more likely to result in successful 

conversions. Additionally, the visualization 

dashboards allowed analysts to observe behavioral 

trends and identify common drop-off points within 

user sessions. The integrated analytics chatbot 

further enhanced usability by enabling stakeholders 

to query behavioral insights using natural language. 

These results confirm that micro-decision analysis 

provides deeper insights into user behavior 

compared to conventional web analytics methods. 

 

 

 

VII CONCLUSION  
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Micro-Decision Impact Analysis using User Click 

Stream Data provides a powerful framework for 

understanding detailed user behavior in digital 

platforms. Traditional web analytics approaches 

rely mainly on aggregated metrics that fail to 

capture the subtle interaction patterns influencing 

user decisions. The system proposed in this study 

addresses this limitation by capturing fine-grained 

interaction events such as clicks, scrolling behavior, 

hover durations, and zoom interactions that 

represent individual micro-decisions made by users 

during browsing sessions. These interaction signals 

are collected through a lightweight tracking 

mechanism and processed using a scalable backend 

infrastructure for storage and analysis. Feature 

engineering techniques transform raw clickstream 

data into meaningful behavioral metrics that reflect 

user engagement and decision-making processes. A 

predictive machine learning model based on the 

XGBoost algorithm is used to estimate the 

likelihood of user conversion based on these 

behavioral indicators. The integration of SHAP 

explainability techniques enhances transparency by 

identifying the contribution of each feature to the 

model’s predictions. The system also supports 

automated model retraining and provides role-

based dashboards and conversational analytics 

tools to deliver actionable insights. Experimental 

results demonstrate that micro-interaction features 

significantly improve prediction accuracy 

compared to traditional analytics metrics. Overall, 

the proposed system provides a comprehensive 

solution for analyzing user behavior, optimizing 

user experience, and improving conversion rates in 

digital environments. 
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