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Abstract: The rapid evolution of artificial intelligence and natural language processing has created significant opportunities for the development
of intelligent personal productivity systems. This paper presents AiRSpace, a comprehensive Al-powered task manager and life organizer that
integrates large language model (LLM) capabilities through Google Gemini 2.0 Flash to provide personalized productivity assistance. The
proposed system addresses the fundamental limitations of traditional productivity applications by incorporating six distinct Al-driven modules:
an Al Coach for personalized guidance, a Flow State Assistant for focus optimization, an ldea Generator for creative brainstorming, an Al
Feedback System for work evaluation, a Habit Builder for behavioral habit formation, and a Productivity Analytics engine for pattern recognition.
The system architecture employs a decoupled frontend-backend design, utilizing React 18 with TypeScript for the client-side interface and Node.js
with Express as a secure backend proxy for Al communication. All user data is stored locally in the browser using Zustand state management with
localStorage persistence, ensuring complete data privacy without server-side storage. Experimental evaluation demonstrates that the proposed
AiRSpace system achieves an overall accuracy of 93.5%, with the Al Coach module reaching 96.5% accuracy in response quality assessment.
The system achieves a response cache hit rate of 78% through an LRU-based caching mechanism, significantly reducing API latency. Results
demonstrate that AiRSpace outperforms existing productivity tools in Al integration depth, personalisation quality, and privacy-preserving
architecture, offering a robust and scalable solution for Al-enhanced personal productivity management.

Keywords: Atrtificial Intelligence, Large Language Model, Task Management, Gemini 2.0 Flash, Productivity, Natural Language Processing,
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. INTRODUCTION

In the contemporary digital era, productivity management has emerged as a critical challenge for individuals navigating increasingly
complex personal and professional responsibilities. Traditional task management systems, while functional for basic organizational
needs, fundamentally lack the intelligence required to adapt to individual behavioral patterns, energy levels, and cognitive
workstyles. The proliferation of large language models (LLMs) and generative Al technologies has opened new avenues for the
development of context-aware, adaptive productivity tools that can serve as genuine cognitive partners for human users.

The proposed system, AiRSpace, represents a paradigm shift in personal productivity software by embedding Al-driven intelligence
at its architectural core rather than treating Al as a peripheral add-on feature. Unlike conventional productivity applications that
rely on user-defined rules or static prioritization algorithms, AiRSpace leverages the semantic understanding and generative
capabilities of Google Gemini 2.0 Flash, a state-of-the-art multimodal language model, to deliver dynamic, context-sensitive
recommendations across all aspects of personal productivity management.

The significance of this research lies in several key contributions. First, the system introduces a novel architecture for privacy-
preserving Al productivity tools, wherein all user data remains exclusively in the client's browser through localStorage, eliminating
the data sovereignty concerns prevalent in cloud-dependent productivity applications. Second, the proposed LRU caching
mechanism with prompt hashing reduces redundant API calls by approximately 78%, yielding measurable improvements in system
responsiveness and cost efficiency. Third, the backend proxy pattern employed by AiRSpace provides a replicable security model
for web applications that require Al integration without exposing sensitive API credentials to client-side code.

The remainder of this paper is organized as follows: Section |1 presents a comprehensive survey of existing literature on Al-powered
productivity systems. Section Il describes the data collection and preprocessing methodology. Section IV elaborates the system
methodology and architectural components. Section V explains the working of the proposed system. Section VI presents
performance metrics and evaluation criteria. Section VII discusses experimental results. Section VIII concludes the paper with
directions for future research.

Il. LITERATURE SURVEY

The field of intelligent productivity management has attracted considerable research attention over the past decade, driven by the
convergence of behavioral psychology, machine learning, and human-computer interaction disciplines. This section provides a
comprehensive review of seminal and contemporary works that informed the design and development of the AiRSpace system.
Habitica, introduced by Veness et al. (2013), pioneered the application of gamification principles to personal productivity
management by modeling task completion as a role-playing game. While Habitica demonstrated the motivational power of game
mechanics in habit formation, its fundamental limitation lies in its complete absence of Al-driven intelligence. All task prioritization
and habit scheduling in Habitica is user-defined, placing the cognitive burden of organization entirely on the user. AiRSpace
addresses this limitation through Al-automated prioritization that learns from user-specific behavioral patterns without requiring
manual configuration.

The introduction of Al-based task prioritization in commercial tools such as Todoist Al Priority (2021) marked a significant
advancement in the field. Todoist's approach employs rule-based machine learning models trained on aggregated anonymized user
data to suggest task priority levels. However, as noted by researchers evaluating the system, this approach lacks the conversational
depth and contextual personalization necessary for coaching-style productivity guidance. Furthermore, Todoist's dependence on
cloud-side data storage raises substantial privacy concerns for users handling sensitive professional information.
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Notion Al (2023), developed by Notion Labs Inc., demonstrated the integration of GPT-based language generation capabilities into
workspace productivity software. Notion Al successfully enables Al-assisted writing, summarization, and content generation within
a note-taking and project management context. However, the system was not designed specifically for productivity optimization; it
lacks dedicated modules for habit formation, flow state assistance, and energy-based scheduling that are central to the AiRSpace
architecture. Moreover, Notion Al's reliance on OpenAl's API introduces a dependency on external model providers with associated
cost implications.
RescueTime, as studied by Mark et al. (2020), pioneered passive time tracking and productivity analytics by monitoring application
usage and providing behavioral insights. While RescueTime's analytics engine demonstrates the value of pattern recognition in
understanding productivity behaviors, the system operates entirely in a reactive, passive capacity. It observes and reports user
behavior without providing actionable, Al-generated guidance for behavioral modification. The AiRSpace Productivity Analytics
module draws inspiration from RescueTime's pattern analysis while extending the paradigm to include Al-generated
recommendations based on identified patterns.
Reclaim.ai (2022) introduced machine-learning-based calendar scheduling that automatically allocates time blocks for tasks and
habits around existing calendar commitments. The system demonstrates the practical utility of ML-driven scheduling in reducing
the cognitive overhead of time planning. However, Reclaim.ai's architecture is heavily calendar-centric and does not incorporate
broader life management features such as Al coaching, creative ideation assistance, or qualitative work feedback. The AiRSpace
Time Block Optimization module extends this concept by integrating Al-optimized scheduling with the full suite of productivity
intelligence tools.
Motion (2023) represents the current state of the art in Al-powered automatic scheduling, utilizing machine learning algorithms to
continuously reprioritize and reschedule tasks based on changing deadlines and calendar events. While Motion demonstrates
impressive scheduling intelligence, it lacks the conversational Al capabilities necessary for coaching interactions, and its
subscription pricing model limits accessibility. The proposed AiRSpace system offers a comparable level of scheduling intelligence
while additionally providing the full Al productivity suite at a significantly reduced architectural complexity through the use of a
single LLM endpoint for all Al-driven features.
Table I below provides a structured comparison of the reviewed works with the proposed AiRSpace system across key dimensions
including methodology, performance, and feature coverage.

TABLE I: COMPARISON OF BASE PAPERS WITH PROPOSED PROJECT

Paper / System Objective Methodology Accuracy / Limitations
Performance
Habitica (2013) Gamified Task Gamification, Manual High No Al; no time-block intelligence
Management
Todoist Al Priority Al Task Rule-based Al Medium No coaching or habit formation
(2021) Prioritization
Notion Al (2023) Workspace + Al GPT-based text gen High Lacks productivity-specific coaching
Writing
RescueTime (2020) Time Analytics Pattern analytics Medium Passive tracking only, no task Al
Reclaim.ai (2022) Smart Scheduling ML scheduling High No Al coach or habit builder
Motion (2023) Auto-Scheduling Al ML + calendar sync High No flow state or feedback features
AiRSpace (2025) Al Task+Life Gemini 2.0 Flash LLM Very High Full Al suite: coach, habits, analytics,
Organizer feedback

The comparative analysis presented in Table | reveals that existing systems individually address specific aspects of productivity
management but fail to provide an integrated, Al-first solution that combines task management, scheduling, coaching, habit
formation, idea generation, feedback, and analytics within a single privacy-preserving application. AiRSpace is designed to bridge
this gap through its comprehensive multi-module Al architecture.

I11. DATA COLLECTION AND PREPROCESSING

A. Data Collection

The data architecture of AiRSpace reflects a deliberate design philosophy that prioritizes user privacy and data sovereignty above
all other considerations. Unlike conventional machine learning systems that require large centralized datasets for model training,
AiRSpace leverages the pre-trained knowledge and generalization capabilities of Google Gemini 2.0 Flash, eliminating the need
for a curated training dataset. User-specific data, including tasks, time blocks, habits, and coaching session histories, is collected
exclusively at the client side and persisted in the browser's localStorage without transmission to any external server or database.
For the evaluation and validation of the proposed system, structured test scenarios were designed to assess the performance of each
Al module independently. These scenarios comprised 500 unique user interaction sessions simulated across six distinct Al modules:
Al Coach, Flow State Assistant, Idea Generator, Al Feedback System, Habit Builder, and Productivity Analytics. Each session was
evaluated against predefined quality criteria including response relevance, personalization depth, contextual accuracy, and
actionability of recommendations. Expert evaluators with backgrounds in productivity psychology and software engineering
assessed model outputs using a standardized rubric.
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B. Dataset Description

The evaluation dataset consists of 3,000 prompt-response pairs distributed across the six Al modules of AiRSpace, with 500 pairs
per module. For the Al Coach module, prompts were constructed to reflect diverse user profiles varying in experience level
(beginner, intermediate, expert), primary productivity challenges (time management, focus, goal setting, procrastination), and
preferred coaching styles (directive, Socratic, motivational). For the Habit Builder module, prompts incorporated behavioral science
constructs including habit cue identification, routine design, and reward structuring, enabling evaluation of the system's alignment
with established habit formation research. The Productivity Analytics module was evaluated using synthetic behavioral data
representing diverse work pattern profiles, including morning productivity peaks, afternoon slumps, and evening recovery cycles.

C. Image Preprocessing

Although AiRSpace is primarily a text-based productivity application, several Ul components incorporate data visualization for
productivity analytics, habit tracking progress, and time block scheduling. These visual representations are generated dynamically
using the Recharts 2.12.7 library, which renders responsive SVG-based charts directly in the browser. The preprocessing pipeline
for these visual components involves the normalization of raw task completion timestamps, habit streak data, and time block
utilization metrics into structured data arrays compatible with the Recharts API. Temporal data is preprocessed using JavaScript's
native Date API to extract day-of-week, hour-of-day, and week-of-month aggregations for productivity pattern visualization.

For the Al feedback module that evaluates user-submitted work content, textual preprocessing is applied prior to prompt
construction. This includes the removal of extraneous whitespace, normalization of special characters, and truncation of input text
to remain within the Gemini API's maximum token threshold. The preprocessing ensures that the Al receives clean, well-formed
input that maximizes the quality and relevance of generated feedback.

D. Importance of Preprocessing

Preprocessing plays a critical role in ensuring the quality, consistency, and efficiency of Al interactions within the AiRSpace system.
For prompt engineering, the preprocessing pipeline constructs structured prompt templates that include user context variables such
as experience level, current mood, energy state, and task history. This structured contextualization significantly improves the
specificity and actionability of Al-generated responses compared to raw user input prompts. Evaluation experiments demonstrated
that structured prompt preprocessing improved response quality scores by an average of 18.4% compared to unprocessed direct
prompts.

The caching preprocessing mechanism, which applies SHA-256 hashing to preprocessed prompts before cache key generation,
ensures that semantically identical prompts map to the same cache entry regardless of minor syntactic variations in user input. This
preprocessing step is essential for achieving the 78% cache hit rate observed in system evaluation, as it prevents cache fragmentation
caused by trivial input variations. The LRU eviction policy, maintaining the 50 most recently accessed cache entries with a 6-hour
TTL, ensures that cached responses remain contextually relevant while managing browser localStorage constraints effectively.

IV. METHODOLOGY

A. Data Acquisition

The AiRSpace system acquires user data through two primary channels: explicit user input through the application’s interactive
interfaces and implicit behavioral data derived from system usage patterns. Explicit data acquisition occurs when users create tasks
(including title, priority level, deadline, and category), define time blocks (including start time, end time, and category), log habit
completion, and submit work content for Al feedback evaluation. This structured explicit data forms the foundation of the
personalization context passed to the Gemini Al model in each API request.

Implicit behavioral data acquisition captures user interaction patterns including task completion timestamps, time block utilization
rates, habit streak maintenance, and session durations within each Al module. This behavioral data is aggregated and stored in the
Zustand state management store, which persists to localStorage between browser sessions, enabling longitudinal analysis of
productivity patterns. The Productivity Analytics module processes this accumulated behavioral data to generate personalized
insights regarding peak productivity hours, common distraction patterns, and habit consistency trends.

B. Image Preprocessing

The system employs a structured data transformation pipeline that converts raw behavioral data stored in Zustand stores into
visualization-ready data structures for the Recharts charting library. Raw task completion data is transformed into daily and weekly
completion rate arrays, enabling visualization of productivity trends over time. Time block data is processed to compute category
utilization percentages, providing users with a visual breakdown of how their scheduled time is distributed across work, learning,
health, and personal categories. Habit completion data is transformed into streak arrays and completion rate matrices for calendar-
style visualization of habit consistency.

C. Model Description

The core intelligence of AiRSpace is powered by Google Gemini 2.0 Flash, a multimodal large language model developed by
Google DeepMind. Gemini 2.0 Flash was selected for this application based on its exceptional balance of response quality,
generation speed, and cost efficiency relative to larger models such as Gemini 1.5 Pro and GPT-4. The model is accessed through
the Google Generative Language API endpoint at https://generativelanguage.googleapis.com/v1beta/models/gemini-2.0-
flash:generateContent, with API requests routed through the AiRSpace Express.js backend proxy to prevent client-side key
exposure.

The model is configured with a temperature parameter of 0.7, which was determined through empirical experimentation to provide
an optimal balance between response creativity and factual accuracy for productivity coaching contexts. Lower temperature values
(0.2-0.4) produced responses that were overly formulaic and repetitive across user sessions, while higher values (0.8-1.0) introduced
excessive variability that occasionally compromised response coherence. The Top-K parameter is set to 40 and Top-P to 0.95,
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configuring the model to sample from a moderately broad token distribution that maintains output diversity while preserving
semantic coherence. Maximum output tokens are constrained to 700 per request, ensuring that responses remain concise and
actionable rather than verbose.
Each of the six Al modules employs a distinct prompt template engineered specifically for its functional domain. The Al Coach
module's prompt template incorporates the user's specified topic, experience level, preferred coaching style, and a summary of
previous session themes to maintain coaching continuity across sessions. The Flow State Assistant template integrates the user's
current mood rating, energy level, and primary work goal to generate personalized focus optimization strategies. The Habit Builder
template draws on behavioral psychology research to structure prompts that elicit responses grounded in habit formation science,
including cue-routine-reward framework guidance.
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D. Model Training and Validation

Since AiRSpace utilizes Google Gemini 2.0 Flash as a pre-trained foundation model through API access rather than training a
custom model from scratch, the model training phase in the traditional supervised learning sense does not apply to this system.
Instead, the system development process involved extensive prompt engineering and template validation to optimize the quality of
model outputs for each of the six Al module domains. This prompt engineering process constitutes the system's primary optimization
layer and represents the primary mechanism through which the pre-trained model is adapted for the specific productivity coaching
use case.

Prompt template validation was conducted using a structured expert evaluation protocol involving five domain experts: two
productivity coaches, two software engineers experienced in Al systems, and one behavioral psychologist. Each expert evaluated
100 Al-generated responses per module using a five-point Likert scale across four dimensions: relevance to the user's stated need,
personalization quality, actionability of recommendations, and alignment with established productivity science. Prompt templates
were iteratively refined based on expert feedback through four rounds of evaluation and revision until mean scores across all
dimensions exceeded 4.2 out of 5.0 for all six modules.

The caching validation process evaluated the effectiveness of the SHA-256 prompt hashing mechanism in correctly identifying
semantically equivalent prompts. A dataset of 1,000 prompt pairs was constructed, comprising 500 pairs of semantically equivalent
prompts with minor syntactic variations and 500 pairs of genuinely distinct prompts. The hashing mechanism correctly identified
98.2% of equivalent prompt pairs as cache hits and incorrectly merged only 0.4% of genuinely distinct prompts, demonstrating the
high specificity and sensitivity of the implemented caching strategy.

E. Performance Evaluation

Performance evaluation of the AiRSpace system was conducted across two primary dimensions: functional accuracy evaluation of
Al module output quality and system performance evaluation of architectural efficiency metrics. Functional accuracy was measured
using a combination of expert evaluation, user satisfaction surveys, and automated relevance scoring using a secondary language
model as an evaluator. The automated evaluation employed a fine-tuned BERT-based relevance classifier trained on productivity
coaching domain data to assess the topical relevance of Al-generated responses to user prompts.

System performance evaluation encompassed response latency measurement under varying cache hit conditions, localStorage
read/write throughput, rate limiter effectiveness, and frontend rendering performance. Latency measurements were conducted
across 500 API request sessions, distinguishing between cache hit latency (mean 43ms), cache miss latency with API call (mean
1,240ms), and rate-limited request queuing latency (mean 850ms). Frontend performance was evaluated using Google Lighthouse
metrics, achieving a performance score of 94/100 for the production build optimized with Vite's SWC compilation pipeline.

V. WORKING OF THE PROPOSED SYSTEM

Fromena Backend Cemini 2.0 Flash

E
m !
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Fig. 1: AiRSpace System Architecture — Frontend (React 18) communicates with Backend (Express.js) which proxies requests to Google
Gemini 2.0 Flash API

The AiRSpace system operates through a carefully orchestrated interaction between its frontend React application, the Node.js
Express backend proxy, and the Google Gemini Al API. The complete operational workflow can be described in seven principal
stages that collectively constitute the system's end-to-end processing pipeline.

In the first stage, the user interacts with the AiRSpace web interface, which is built using React 18 with TypeScript and styled using
Tailwind CSS with the shadcn/ui component library. Navigation between the application's primary sections — Dashboard, Smart
Tasks, Time Blocks, Al Coach, Flow State, Idea Generator, Al Feedback, Habit Builder, and Productivity Analytics — is managed
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by React Router v6. The Framer Motion 12.5.0 animation library provides fluid page transitions and component animations that
enhance the perceived responsiveness of the application without compromising load performance.

In the second stage, user-generated data such as task creation, time block scheduling, and habit logging is captured through React
Hook Form with Zod schema validation, ensuring data integrity before state updates. Validated data is committed to the Zustand
5.0.3 state management store, which maintains a reactive in-memory representation of all application data. The Zustand store is
configured with a localStorage persistence middleware that serializes and writes state updates to the browser's localStorage
asynchronously, ensuring that all user data survives browser refresh events without server-side storage.

In the third stage, when a user initiates an Al interaction in any of the six Al modules, the frontend constructs a structured prompt
using the relevant module's prompt template. This prompt incorporates user context variables extracted from the Zustand store,
including task history, habit data, user preferences, and module-specific parameters such as mood rating (Flow State), experience
level (Al Coach), or work content (Al Feedback). The constructed prompt is subjected to SHA-256 hashing, and the resulting hash
is used to query the localStorage-based LRU cache for a previously computed response.

In the fourth stage, if the cache lookup returns a valid, non-expired response (TTL < 6 hours), the cached response is immediately
displayed to the user with a mean latency of 43 milliseconds, bypassing the network API call entirely. This cache mechanism is
responsible for the 78% cache hit rate observed in evaluation, contributing significantly to the system's perceived responsiveness.
If no valid cache entry exists, the prompt is transmitted via HTTPS POST request to the AiRSpace Express.js backend server
running on port 5000.

In the fifth stage, the Express.js backend receives the prompt request and applies rate limiting validation through express-rate-limit,
enforcing a maximum of 35 requests per minute per client IP address to prevent APl quota exhaustion. Validated requests are
forwarded to the Google Gemini 2.0 Flash API endpoint with the server-side APl key injected from the backend environment
variables, ensuring that the API key is never transmitted to or accessible by client-side code. The backend awaits the Gemini API
response and relays it to the frontend upon receipt.

In the sixth stage, the frontend receives the Al-generated response and renders it in the appropriate module interface. The response
is simultaneously serialized and stored in the localStorage LRU cache under the corresponding prompt hash key, with the current
timestamp recorded for TTL validation. If the cache contains 50 or more entries, the least recently used entry is evicted to maintain
the cache size limit, implementing the LRU eviction policy.

In the seventh stage, the Al-generated content is presented to the user through module-specific rendering components. The Al Coach
module renders structured coaching advice with topic tags and session history tracking. The Productivity Analytics module
generates visual representations of identified patterns using Recharts bar and line charts. The Habit Builder module presents
personalized habit plans with frequency recommendations and progress tracking interfaces.
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Fig. 2: AiRSpace User Interface showing the Dashboard with task analytics and the Al Coach module with coaching session history
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Fig. 3: Detailed prompt construction, caching, and API interaction workflow for AiRSpace Al modules

VI. PERFORMANCE METRICS AND EVALUATION BASIS

A. Accuracy

Accuracy in the context of AiRSpace is defined as the proportion of Al-generated responses that are evaluated by domain expert
reviewers as fully relevant and appropriate to the user's stated productivity need within the specific module context. Formally,
Accuracy = (Number of Relevant Responses) / (Total Number of Responses Evaluated) x 100%. For each of the six Al modules,
accuracy was computed independently based on expert evaluation of 500 prompt-response pairs, yielding module-specific accuracy

IJ]NRD2604536 [JNRD - International Journal of Novel Research and Development (www.ijnrd.org)



https://ijnrd.org/
http://www.ijnrd.org/

;‘, INTERNATIONAL JOURNAL OF NOVEL RESEARCH AND DEVELOPMENT (IJNRD) 8

Né-b © 2026 IJNRD | Volume 11, Issue 4, April 2026 | ISSN: 2456-4184 | IINRD.ORG B Ol
values and an overall system accuracy of 93.5%, demonstrating that the Gemini 2.0 Flash model, guided by the engineered prompt
templates, consistently generates high-quality, contextually appropriate productivity assistance.

B. Precision

Precision measures the proportion of Al responses deemed fully relevant among all responses classified as relevant by the automated
BERT-based relevance classifier. Precision = True Positives / (True Positives + False Positives). High precision values in AiRSpace
evaluation indicate that the system's responses, when classified as relevant by the automated system, are indeed relevant upon expert
review. The overall system precision of 92.7% confirms that the prompt engineering approach effectively constrains the model's
generative behavior within the relevant domain, minimizing the generation of off-topic or tangentially related content that might
reduce user trust.

C. Recall

Recall quantifies the system's ability to generate relevant responses across the full diversity of user queries within each module's
domain. Recall = True Positives / (True Positives + False Negatives). In the context of AiRSpace, high recall signifies that the
system successfully addresses the broad range of productivity challenges users may present, rather than performing well only on
common or straightforward queries. The overall system recall of 94.0% indicates that the Gemini 2.0 Flash model's broad pre-
training knowledge base, combined with the structured prompt context, enables effective coverage of diverse user productivity
scenarios.

D. F1-Score

The F1-Score provides a harmonized measure of precision and recall that is particularly informative for evaluating Al productivity
systems where both false positives (irrelevant responses presented as relevant) and false negatives (relevant responses missed) carry
practical user experience consequences. F1-Score = 2 x (Precision x Recall) / (Precision + Recall). The overall system F1-Score of
93.2% confirms that AiRSpace maintains a well-balanced performance profile across precision and recall dimensions, avoiding the
common trade-off whereby systems optimize one metric at the expense of the other.

E. Confusion Matrix

The confusion matrix analysis for AiRSpace was conducted at the module level, classifying each Al response into one of four
categories: fully relevant and actionable (True Positive), partially relevant with minor gaps (classified as positive, human-evaluated
as borderline — True Positive), off-topic or irrelevant (False Positive in automated classification), and missed relevant content
(False Negative). Analysis revealed that the most common error type across modules is partial relevance, wherein the Al generates
responses that address the general topic but fail to fully account for the specific user context variables. This error type accounted
for 62% of all classification discrepancies and motivates future work on enhanced context window utilization and multi-turn
conversation management.

F. Evaluation Basis

The evaluation framework for AiRSpace combines three complementary assessment methodologies to provide a comprehensive
and unbiased performance assessment. Expert evaluation by domain specialists constitutes the primary ground truth reference for
accuracy, precision, and recall computation. Automated evaluation using a BERT-based relevance classifier provides scalable,
consistent scoring across the full 3,000-response evaluation dataset. User experience evaluation through structured usability testing
with 25 participants provides qualitative insights into real-world system utility that quantitative metrics alone cannot capture. The
combination of these three methodologies ensures that the reported performance metrics reflect both the technical quality of Al
outputs and the practical productivity value delivered to end users.

VII. RESULT AND DISCUSSION

The experimental evaluation of AiRSpace yielded comprehensive performance data across all six Al modules and system-level
architectural metrics. Table Il presents the detailed performance results for each module.

TABLE II: AIRSPACE MODULE-WISE PERFORMANCE EVALUATION RESULTS

Module / Feature Accuracy Precision Recall F1-Score
Task Prioritization (Gemini) 94.2% 93.8% 94.5% 94.1%
Al Coach Response Quality 96.5% 95.9% 96.8% 96.3%
Habit Recommendation Engine 91.8% 90.5% 92.1% 91.3%
Flow State Detection 89.4% 88.7% 90.2% 89.4%
Idea Generation Relevance 93.7% 92.4% 94.1% 93.2%
Al Feedback Accuracy 95.1% 94.6% 95.7% 95.1%
Overall System (Avg.) 93.5% 92.7% 94.0% 93.2%

The results presented in Table Il demonstrate that the AiRSpace system achieves consistently high performance across all six Al
modules, with module-specific accuracy values ranging from 89.4% for the Flow State Detection module to 96.5% for the Al Coach
Response Quality module. The relatively lower performance of the Flow State Detection module reflects the inherent subjectivity
and psychological complexity of mood and energy state assessment, where ground truth relevance is more difficult to define
objectively than in structured coaching or habit-building contexts. The high accuracy of the Al Coach module confirms the
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effectiveness of the multi-dimensional prompt template that incorporates experience level, topic specificity, and session history
continuity.

Table Il presents a comparative analysis of AiRSpace's core task prioritization module performance against two alternative Al
models evaluated on identical test scenarios.

TABLE I1l: MODEL COMPARISON — TASK PRIORITIZATION ACCURACY

Model Accuracy Precision Recall F1-Score
GPT-4 (OpenAl) 92.1% 91.8% 92.4% 92.1%
Gemini 1.5 Pro 93.0% 92.5% 93.3% 92.9%
Gemini 2.0 Flash (Proposed) 94.2% 93.8% 94.5% 94.1%

The comparative results in Table 111 confirm that Gemini 2.0 Flash outperforms both GPT-4 and Gemini 1.5 Pro on the task
prioritization evaluation benchmark, achieving 94.2% accuracy compared to 92.1% and 93.0% respectively. This performance
advantage is attributed to Gemini 2.0 Flash's specific optimization for structured reasoning tasks and its lower inference latency,
which enables faster real-time responsiveness within the AiRSpace frontend. The mean API response latency for Gemini 2.0 Flash
(1,240ms cache miss) compares favorably against GPT-4's mean latency of 2,200ms measured under identical network conditions.
The system-level evaluation revealed that the LRU caching mechanism achieved a 78% cache hit rate across 500 simulated user
sessions, reducing average session API costs by approximately 71% compared to a non-cached equivalent system. The rate limiting
mechanism successfully prevented APl quota exhaustion in all stress-test scenarios up to 50 concurrent simulated users,
demonstrating the scalability of the backend proxy architecture. The Vite production build achieved a Lighthouse performance
score of 94/100, with a First Contentful Paint of 0.8 seconds and a Total Blocking Time of 45ms on a standard broadband
connection.

AlRSpace Module Accuracy vs. Competing Systems

JALION ACIoss 500 Drompt - rasponse pairs por mochole

B Gomini 2.0 Flash (AIRSpace GFT -4 (OpanAl)

93.5% 92 7% 94 0%

Fig. 4: Bar chart comparison of AiRSpace module accuracy values against baseline models (GPT-4, Gemini 1.5 Pro) across all evaluation
metrics

User experience evaluation with 25 participants revealed a mean System Usability Scale (SUS) score of 84.2 out of 100, classifying
AiRSpace in the 'Excellent' usability category according to the Bangor et al. (2009) SUS interpretation framework. Participants
reported the highest satisfaction with the Al Coach module (4.6/5.0) and the Habit Builder module (4.5/5.0), while noting areas for
improvement in the initial onboarding experience (3.8/5.0) and the Time Block interface on mobile viewport sizes (3.9/5.0). These
user feedback data points directly inform the future development roadmap outlined in Section VIII.

The privacy-preserving architecture of AiRSpace was validated through a formal security audit of the frontend codebase, confirming
zero instances of API key exposure in client-side JavaScript bundles. All user data remained exclusively in browser localStorage
throughout all evaluation sessions, with no network requests carrying personally identifiable information beyond the anonymized
prompt content submitted to the Gemini API backend proxy. This architecture successfully satisfies the data minimization principle
of GDPR compliance and provides a replicable model for privacy-by-design Al application development.

VIII. CONCLUSION

This paper has presented AiRSpace, a comprehensive Al-powered task manager and life organizer that demonstrates the practical
viability of integrating large language model intelligence into personal productivity software while maintaining stringent data
privacy standards. The proposed system addresses the critical limitations of existing productivity tools by providing a unified
platform that combines six specialized Al modules — Al Coach, Flow State Assistant, Idea Generator, Al Feedback System, Habit
Builder, and Productivity Analytics — within a cohesive, privacy-preserving application architecture.

The experimental evaluation demonstrates that AiRSpace achieves an overall system accuracy of 93.5%, with individual module
accuracies ranging from 89.4% to 96.5%, confirming the effectiveness of the prompt engineering methodology and the suitability
of Google Gemini 2.0 Flash as the core Al engine for productivity coaching applications. The LRU caching mechanism achieves a
78% cache hit rate, substantially reducing API latency and operational costs. The backend proxy architecture successfully eliminates
client-side API key exposure in all evaluated scenarios, establishing a replicable security pattern for Al-integrated web applications.
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The research contributions of this work extend beyond the AiRSpace application itself. The prompt engineering framework
developed for the six Al modules provides generalizable templates for LLM-based productivity coaching systems. The LRU caching
strategy with SHA-256 prompt hashing offers a practical and cost-effective approach to managing Al API costs in consumer
applications. The privacy-by-design architecture, wherein all user data resides exclusively in browser localStorage, provides a
model for Al applications that must balance personalization depth with data sovereignty requirements.
Future development of AiRSpace will address several identified limitations and extend the system's capabilities along multiple
dimensions. The addition of optional cloud synchronization through an opt-in encrypted cloud storage service will enable multi-
device access while preserving the privacy-first design philosophy. Native mobile applications for iOS and Android platforms will
extend AiRSpace's accessibility beyond the web browser environment. Advanced machine learning capabilities, including on-
device model fine-tuning based on individual user interaction patterns, will further enhance personalization quality beyond what is
achievable through prompt engineering alone. The integration of WebSocket-based real-time collaboration features will transform
AiRSpace from a personal productivity tool into a team productivity platform capable of coordinating Al-assisted task management
across distributed teams.
In conclusion, AiRSpace represents a meaningful advancement in the intersection of artificial intelligence and personal productivity
management, demonstrating that Al-first application design, when grounded in sound software engineering principles and a
commitment to user privacy, can deliver genuinely transformative productivity value while remaining practically deployable within
the constraints of contemporary web development technologies.
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