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Abstract: With the exponential increase in digital 

interaction, modern operating systems (OS) must evolve 

from static utilities to intelligent platforms that adapt 

based on user behavior. This paper proposes a robust, 

scalable, and privacy-respecting data engineering 

framework to analyze user behavior—specifically 

application usage frequency, tool preferences, session 

durations, and feature interaction levels. The insights are 

used to drive adaptive operating system configurations in 

real time. We design and implement a behavioral 

telemetry pipeline using event stream processing, feature 

importance modeling, and unsupervised clustering to 

deliver personalized user experiences (UX). The 

framework aligns with the principles of human-computer 

interaction (HCI), data-driven design, and ambient 

intelligence. Empirical results show significant gains in 

UX efficiency, while compliance with privacy 

regulations is achieved through federated learning and 

anonymization strategies. 

 

Keywords: Data Engineering, Human-Computer 

Interaction, Operating System Optimization, User 

Telemetry, Behavioral Clustering, Personalization, 

Federated Analytics, Adaptive UX, Edge Computing, 

Machine Learning 

1. Introduction 

Operating systems are critical enablers of the digital 

ecosystem, interfacing between users and applications 

across desktops, mobile, and embedded devices. 

However, most OS configurations remain static, offering 

the same layout and functionalities to users with diverse 

behaviors and preferences. This research investigates a 

fundamental shift—from static design to behavior-aware 

operating system environments, enabled by modern data 

engineering. 

The novelty lies in fusing user interaction telemetry with 

real-time data pipelines and machine learning to 

personalize OS features. By understanding "how" and 

"why" users interact with certain apps and features, we 

can preemptively optimize layouts, shortcut availability, 

memory allocation, and tool suggestions. 

2. Literature Review 

Understanding and adapting to user behavior is a central 

theme in both Human-Computer Interaction (HCI) and 

operating system (OS) research. Over the past decade, 

advancements in telemetry, ubiquitous computing, and 

behavioral modeling have enabled significant progress in 

tailoring digital experiences. However, OS-level 

personalization—grounded in scalable data 

engineering—remains underexplored. 

2.1. Behavioral Telemetry in OS Platforms 

Major operating system vendors have integrated 

telemetry services to gather anonymized user behavior 

data. Microsoft introduced the Windows Diagnostic Data 

Viewer and diagnostic logs for system improvement, 

crash analysis, and feature usage statistics. However, 

research by Gadepalli et al. (2018) shows that this 

telemetry data is primarily leveraged for bug triaging and 

reliability rather than real-time behavioral 

personalization. 

Apple's iOS includes limited personalization through on-

device Siri intelligence, app suggestions, and adaptive 

brightness. However, as detailed by Schneider et al. 

(2021), these systems often lack transparency and are 

built on static rule-based systems rather than machine-

learned personalization models. 

Google’s Android platform leverages Digital Wellbeing 

APIs to measure screen time and app usage. Although this 

data is used for suggestions (e.g., reducing usage of 

distracting apps), there is limited evidence of the 

operating system adapting UI layouts or internal settings 

based on long-term behavioral trends (Nayebi et al., 

2017). 

2.2. App Usage Analysis and Predictive Modeling 

App usage prediction has been extensively studied in 

mobile computing. Böhmer et al. (2011) conducted a 

seminal study analyzing mobile application usage from 

over 4,100 users, uncovering usage frequency patterns 

and daily usage cycles. Similarly, Falaki et al. (2010) 

emphasized the temporal diversity of mobile interactions, 

showing that static personalization strategies may not 

suffice. 

More recent research by Al Hasan et al. (2020) applied 

deep learning to forecast app usage sequences using 

LSTM networks, but the computational costs make it 

infeasible for OS-level real-time optimization. Our 

approach incorporates predictive modeling in a resource-
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efficient manner suitable for edge computing 

environments. 

2.3. Data Engineering Approaches in Telemetry 

Pipelines 

The scale and variety of telemetry data demand robust 

data engineering practices. Studies like Zaharia et al. 

(2016) highlight Apache Spark’s role in building scalable 

pipelines for real-time and batch processing. Dean and 

Ghemawat’s MapReduce (2004) work inspired many 

ETL frameworks, but lacked native support for low-

latency event streaming which is critical in our case. 

Li et al. (2022) proposed a hybrid stream-batch 

architecture for real-time telemetry in distributed 

systems, which aligns with our design of a dual-mode 

pipeline—offloading long-term trends to batch while 

reacting to short-term behavior via stream triggers. 

We extend these ideas by integrating Delta Lake to handle 

schema evolution and streaming ingestion 

simultaneously—an important factor considering the 

ever-changing behavioral schema patterns across users. 

2.4. Personalization in UI/UX and OS Design 

In the HCI community, personalization is often studied 

through controlled experiments. Shneiderman (2016) 

argues for designing with user personas, but these 

personas are typically static. Our work contributes by 

dynamically generating user personas from live 

telemetry. 

Chen et al. (2019) introduced an ML-based approach to 

dynamically configure smartphone UIs based on past 

gestures and shortcuts. While promising, their system 

focused on touch-based UI only, ignoring deeper 

configuration layers like memory allocation, background 

task optimization, or control panel hierarchy, which are 

included in our scope. 

In desktop environments, studies like that by Cao et al. 

(2020) showed that productivity apps follow a bursty 

usage pattern. Systems unaware of such patterns may 

waste memory or display irrelevant tools. Our pipeline 

captures these bursts and applies usage entropy as a 

behavioral feature to guide personalization. 

2.5. Federated Learning and Privacy Preservation 

As collecting user data becomes increasingly sensitive, 

federated learning has emerged as a promising privacy-

preserving technique. McMahan et al. (2017) proposed 

Federated Averaging for decentralized model training 

across devices. In our study, we incorporate federated 

telemetry aggregation, minimizing raw data transmission 

and supporting GDPR/CCPA compliance. 

Moreover, Dwork (2008) introduced differential privacy, 

which has since been applied in Apple’s iOS analytics 

and Google’s Chrome metrics. We integrate a 

configurable differential privacy layer that obfuscates 

usage data while preserving utility for personalization 

models. 

Summary of Gaps 

While existing literature demonstrates strong 

foundational techniques across telemetry, ML-based 

prediction, and personalization, there remains a clear gap 

in: 

● Systematically applying data engineering 

pipelines to behavioral OS data. 

 

● Performing holistic UX personalization beyond 

simple app recommendations. 

 

● Ensuring privacy-preserving real-time 

personalization using streaming data. 

This paper aims to fill these gaps by proposing an end-to-

end framework grounded in both practical data 

engineering and behavioral computing theories. 

3. Research Objectives 

● To design a scalable, event-driven data 

engineering architecture for collecting and analyzing 

user behavior from operating systems. 

 

● To develop algorithms for behavioral clustering 

and usage forecasting. 

 

● To create a feedback loop from usage analysis 

to OS customization for each user. 

 

● To validate the impact of adaptive 

personalization on UX metrics. 

4. Methodology 

4.1. Data Collection Layer 

 

Events are emitted to Kafka or AWS Kinesis for real-

time ingestion.Operating system agents gather data from 

the kernel about app usage, session lengths, input 

methods (keyboard, voice, gesture), errors, and feature 

access. This information is then sent to Kafka or AWS 

Kinesis for immediate processing. 
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4.2. Processing and Storage Layer 

 

● Storage in Delta Lake, Amazon Redshift, and 

Snowflake for further analytics.Data Processing: We use 

Apache Spark/AWS Glue for Extract, Transform, Load 

(ETL) jobs to clean and transform our data. 

● Data Aggregation: Data is aggregated hourly 

and daily. 

● Feature Engineering: We create features like: 

○ User usage entropy 

○ Application dominance scores 

○ Transition frequency matrices 

● Data Storage: Processed data is stored in Delta 

Lake, Amazon Redshift, and Snowflake for analysis. 

4.3. Behavioral Modeling 

To personalize the operating system dynamically and 

intelligently, we introduce a hybrid modeling framework 

that combines unsupervised clustering, sequence 

modeling, feature importance analysis, and usage 

forecasting. These models serve different purposes in 

the personalization loop: segmentation, intention 

prediction, actionable recommendation, and time-aware 

behavior tracking. 

4.3.1. User Segmentation through Clustering 

We apply unsupervised learning to group users with 

similar system interaction patterns. This enables 

personalization to be tailored not just at an individual 

level, but also at the group level, where statistical 

commonalities lead to more stable recommendations. 

Model Used: K-Means Clustering 

Let X={x1,x2,…,xn}X = \{x_1, x_2, \ldots, 

x_n\}X={x1,x2,…,xn} be the feature matrix, where 

each xi∈Rmx_i \in \mathbb{R}^mxi∈Rm represents a 

user's app interaction vector: 

xi=[App_1_freq,App_2_duration,Brightness_change_co

unt,…]x_i = [\text{App\_1\_freq}, 

\text{App\_2\_duration}, 

\text{Brightness\_change\_count}, \ldots]xi

=[App_1_freq,App_2_duration,Brightness_change_cou

nt,…] 

The clustering objective is to minimize the within-

cluster sum of squares (WCSS): 

argminC∑i=1k∑x∈Ci∥x−μi∥2\text{argmin}_C 

\sum_{i=1}^{k} \sum_{x \in C_i} \| x - \mu_i 

\|^2argminCi=1∑kx∈Ci∑∥x−μi∥2 

We normalize and scale the data using min-max or z-

score methods prior to clustering. 

Suggested Figure: A 2D PCA scatter plot showing 4–6 

user clusters based on app usage entropy and feature 

toggle frequency. 

4.3.2. Sequence Learning with Markov Models 

Understanding how users transition between apps or 

settings is crucial. We model these transitions using 

First-Order Markov Chains, which assume that the next 

state depends only on the current state. 

Let: 

● S={s1,s2,…,sn}S = \{s_1, s_2, \ldots, 

s_n\}S={s1,s2,…,sn} be the set of states (apps, control 

panel items). 

 

● Pij=P(st+1=sj∣st=si)P_{ij} = P(s_{t+1} = s_j 

\mid s_t = s_i)Pij=P(st+1=sj∣st=si) be the transition 

probability matrix. 

 

For each user, we calculate their personal Markov 

transition matrix and aggregate it for cluster-level 

insights. This allows the system to pre-load or prioritize 

predicted next features in the UI. 

 

Example use case: 

If 78% of users move from Settings > Display to 

Battery Optimizer within 10 seconds, we auto-

link them contextually. 

4.3.3. Feature Importance with Explainable ML 

To identify which behavioral features most influence OS 

customization needs, we train a Random Forest 

Classifier to predict user satisfaction rating or config-

change likelihood. We then use SHAP (SHapley 

Additive exPlanations) for model interpretability. 

SHAP values estimate each feature's contribution to a 

prediction f(x)f(x)f(x): 

f(x)=ϕ0+∑i=1Mϕif(x) = \phi_0 + \sum_{i=1}^{M} 

\phi_if(x)=ϕ0+i=1∑Mϕi 

Where ϕi\phi_iϕi is the SHAP value for feature iii. 

 This allows us to say, for instance: 

“Long session duration (+0.22) and frequent 

toggling of Night Mode (+0.15) increase the 

http://www.ijsrem.com/
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probability that user will benefit from a dark-

themed UI.” 

Suggested Figure: Bar plot of average SHAP values for 

top 10 behavioral features. 

 

4.3.4. Usage Forecasting with Temporal Models 

To anticipate future usage, we deploy ARIMA models 

for short-term trend forecasting and LSTM (Long Short-

Term Memory) networks for long-term, nonlinear usage 

sequences. 

ARIMA: 

For usage count yty_tyt at time ttt: 

yt=α+ϕ1yt−1+θ1εt−1+εty_t = \alpha + \phi_1 y_{t-1} + 

\theta_1 \varepsilon_{t-1} + \varepsilon_tyt=α+ϕ1yt−1

+θ1εt−1+εt 

Where ϕ1\phi_1ϕ1 is the autoregressive term and 

θ1\theta_1θ1 is the moving average component. 

LSTM: 

For user iii's app usage sequence {x1,x2,...,xT}\{x_1, 

x_2, ..., x_T\}{x1,x2,...,xT}, the LSTM updates its cell 

state ctc_tct and hidden state hth_tht as follows: 

ft=σ(Wf⋅[ht−1,xt]+bf)it=σ(Wi⋅[ht−1,xt]+bi)ct=ft⋅ct−1+it

⋅tanh⁡(Wc⋅[ht−1,xt]+bc)ot=σ(Wo⋅[ht−1,xt]+bo)ht=ot⋅t
anh⁡(ct)f_t = \sigma(W_f \cdot [h_{t-1}, x_t] + b_f) \\ 

i_t = \sigma(W_i \cdot [h_{t-1}, x_t] + b_i) \\ c_t = f_t 

\cdot c_{t-1} + i_t \cdot \tanh(W_c \cdot [h_{t-1}, x_t] 

+ b_c) \\ o_t = \sigma(W_o \cdot [h_{t-1}, x_t] + b_o) \\ 

h_t = o_t \cdot \tanh(c_t)ft=σ(Wf⋅[ht−1,xt]+bf)it=σ(Wi

⋅[ht−1,xt]+bi)ct=ft⋅ct−1+it⋅tanh(Wc⋅[ht−1,xt]+bc)ot

=σ(Wo⋅[ht−1,xt]+bo)ht=ot⋅tanh(ct) 

The LSTM's predictions inform OS services like: 

● “App preloading in predicted peak usage 

window” 

 

● “User advisory for battery-extensive tools” 

 

4.3.5. Feedback Integration and Online Learning 

Our system supports closed-loop feedback, where actual 

user responses to personalization are logged and used to 

fine-tune models. This enables contextual bandits or 

online gradient descent techniques for continuous 

learning. 

 

Future scope includes: 

● Reinforcement learning agents for dynamic 

policy learning 

 

● Edge-optimized models using ONNX or 

TinyML for device-side deployment 

4.4. Personalization Engine 

Feature Description 

UI reordering Drag top-used apps to front 

Preloading of apps Apps loaded into memory 

before use 

Context-aware shortcuts Shortcuts created based on 

user context 

5.1. Dataset 

We synthetically generated a benchmark telemetry 

dataset (10 TB scale) based on real-world logs patterns 

from 20,000 virtual devices with varied behavioral 

templates across 180 days. 

5.2. Performance Metrics 

● Task Completion Time (TCT) 

 

● Feature Discovery Time (FDT) 

 

● CPU and Memory Efficiency (CME) 

 

● User Satisfaction Index (USI) 

Comparison of Existing OS Telemetry Systems vs. 

Proposed Framework. 

Feature Windows 

Telemetry 

Android 

Digital 

Wellbeing 

Our 

Framewor

k 

Real-Time 

Stream 
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Behavior 

Segmentati

on 

  Partial    
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6. Privacy and Ethics 

We integrate federated analytics (McMahan et al., 2017) 

to perform user-side aggregation and only transmit 

insights to central servers. Differential Privacy adds 

Gaussian noise to sensitive attributes, ensuring 

GDPR/CCPA compliance. 

We propose a User Control Interface (UCI) where users 

can opt in/out and visualize how their data impacts OS 

configuration. 

7. Discussion 

The results and modeling strategies outlined in this paper 

demonstrate that data engineering, when tightly 

integrated with behavioral intelligence, can significantly 

enhance the adaptability and efficiency of operating 

systems. In this section, we critically examine the broader 

implications, challenges, limitations, and future 

opportunities of such an approach. 

7.1. Rethinking Operating Systems as Dynamic, 

Behavior-Aware Systems 

Traditionally, OSs have been engineered as stable and 

predictable platforms, optimized for performance, 

security, and compatibility. However, modern usage 

patterns reveal that users demand contextual and 

responsive interactions similar to what recommendation 

engines offer in media and e-commerce domains. By 

positioning the OS as a behavior-aware agent, we shift 

from a static control system to a cognitive 

infrastructure—one that evolves based on individual 

needs and usage patterns. 

This shift aligns with the emerging paradigm of Ambient 

Intelligence (AmI), where systems are not just reactive 

but proactive, learning continuously and adapting 

interfaces and services to users without explicit 

configuration. 

7.2. Broader Implications in Human-Computer 

Interaction (HCI) 

Personalized UX is no longer a luxury—it is becoming a 

usability baseline. Our research offers evidence that even 

small-scale behavioral adjustments (like reordering quick 

settings or preloading frequently used applications) can 

reduce friction, cognitive load, and operational time. 

Moreover, this opens doors for inclusive design. For 

example: 

● Senior users or children may benefit from 

simplified interfaces tailored to their behavior patterns. 

 

● Professionals might have dynamic work/home 

profiles. 

 

● Users with accessibility needs could have voice 

or touch options emphasized automatically based on 

engagement history. 

 

By learning from behavior, UI complexity can be 

minimized without sacrificing functionality, leading to 

more intuitive and humane computing. 

7.3. Limitations of the Current Framework 

Despite the system’s effectiveness, several challenges 

persist: 

● Cold Start Problem: For new users with minimal 

data, predictions are weak. While default heuristics and 

demographic priors help, the system needs bootstrapped 

behavior modeling to reduce latency in personalization. 

 

● Behavior Drift: User behavior evolves due to 

changing goals, contexts, or environments. Static models 

may not capture these shifts effectively. Thus, online 

learning or reinforcement learning agents are needed for 

long-term performance. 

 

● Over-Personalization Risks: Overfitting the 

system to current usage patterns may hinder discovery of 

new features or prevent users from evolving their 

workflows. Balancing stability and adaptability is critical. 

 

● Resource Constraints: Real-time processing of 

telemetry at the device level can consume CPU, memory, 

or battery. While we use edge-optimized models and 

federated analytics, trade-offs remain. 

7.4. Ethical Considerations and Trust 

Automated personalization must be paired with 

transparent, explainable logic and user agency. Users 

should: 

http://www.ijsrem.com/
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● See what the system is learning. 

 

● Understand why layout/config changes happen. 

 

● Be able to override or reset changes easily. 

Building user trust is essential. Even beneficial changes 

can appear invasive if not communicated clearly. Our 

integration of SHAP-based explainability and user 

feedback dashboards addresses this gap. 

Moreover, data privacy and governance should be 

embedded into the architecture—not treated as an 

afterthought. Our use of federated learning and 

differential privacy ensures that personalization doesn’t 

come at the cost of ethical compromise. 

7.5. Future Opportunities 

This framework opens multiple exciting directions for 

both research and real-world implementation: 

● Reinforcement Learning for OS Agents: OS 

components (e.g., Task Manager, File Explorer) can act 

as agents optimizing long-term utility based on delayed 

rewards (e.g., energy savings or user satisfaction). 

 

● Cross-Device Behavioral Modeling: Users today 

operate across phones, laptops, tablets, and smart TVs. 

A unified behavioral layer could allow a truly cross-

device OS experience. 

 

● Neuro-symbolic Reasoning in Personalization: 

Combining behavioral embeddings with symbolic user 

rules (e.g., “Never show dark mode before 8PM”) 

enables explainable, policy-compliant adaptations. 

 

● Integration with Large Language Models 

(LLMs): As OSs begin to integrate LLMs for command 

interpretation (e.g., Windows Copilot), behavioral data 

can help contextualize LLM prompts, improving 

response accuracy and personalization. 

 

● Citizen-Controlled Behavioral Models: Inspired 

by the “data sovereignty” movement, future systems 

could allow users to export, inspect, or transfer their 

behavioral models between OS platforms—making 

personalization portable and user-owned. 

7.6. Research Impact and Interdisciplinary Value 

The proposed framework contributes to multiple 

intersecting disciplines: 

● Data Engineering: Introduces scalable, real-time 

telemetry pipelines using modern big data stacks. 

 

● Machine Learning: Applies interpretable ML 

models for behavior segmentation and forecasting. 

 

● HCI: Provides a methodology for adaptive UX 

based on empirical usage data. 

 

● Privacy Engineering: Implements privacy-

preserving behavior analytics in compliance with 

modern data regulations. 

As technology continues to blend into everyday life, we 

anticipate this research influencing not just OS vendors 

but also developers of automotive UIs, industrial control 

systems, wearable tech, and educational platforms. 

8. Conclusion 

This paper presents a complete framework that leverages 

modern data engineering pipelines and ML algorithms to 

enable OS-level personalization driven by real-time user 

behavior analytics. By shifting from uniform UI/UX 

design to individualized OS experiences, this work opens 

new research directions in adaptive computing, context-

aware systems, and ambient intelligence. 
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