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Abstract 

In this paper the researcher presents AI-Native Ink 

Interfaces, a revolutionary paradigm shift in human-

computer interaction that transforms handwriting 

from passive input to an intelligent, interactive 

medium. The proposed system architecture integrates 

real-time multidimensional signal processing, 

transformer-based machine learning models, and 

large language model reasoning to bridge the 

semantic gap between handwritten expression and 

computational understanding. Unlike traditional 

optical character recognition systems that merely 

transcribe text, AI-native ink interfaces interpret user 

intent, context, and desired outcomes from 

handwritten strokes, enabling immediate system-level 

actions and responses. The framework comprises four 

core components: an Ink Signal Engine for velocity 

and pressure analysis, transformer-based 

interpretation models for semantic understanding, 

context-aware LLM integration for intent recognition, 

and a programmable action system for user 

customization. Implementation across educational, 

enterprise, creative, and accessibility domains 

demonstrates transformative impacts, including 

enhanced STEM learning outcomes, automated 

workflow generation from meeting notes, accelerated 

design prototyping, and adaptive interfaces for users 

with motor impairments. The article addresses 

critical challenges in privacy protection, 

computational requirements, and cultural variations 

while exploring future opportunities in multimodal 

integration and cross-lingual models. This article 

establishes a foundation for semantic handwriting 

computing, positioning ink as a first-class input 

modality that preserves the cognitive benefits of 

handwriting while enabling unprecedented levels of 

digital intelligence and interaction. 
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handwriting computing, Real-time stroke analysis, 

Transformer-based handwriting recognition, Human-

computer interaction  

1. Introduction: The Semantic Gap in

Digital Handwriting

Despite decades of advancement in digital input 

technologies, current  stylus  and  ink  systems  remain 

fundamentally limited in their ability to understand 

and    respond    to    handwritten    content.    Modern 

computing platforms treat handwriting as mere pixel 

streams or character sequences, failing to capture the 

rich semantic intent embedded within human strokes. 

Recent studies indicate that while over 65% of 

professionals still prefer handwritten notes for 

ideation and problem-solving, less than 12% of digital 

ink applications provide any form of intelligent 

interpretation beyond basic character recognition [1]. 

This disconnects between human expression and 

machine comprehension represents a critical gap in 

human-computer interaction. 

The evolution of handwriting recognition has 

progressed through distinct phases since the 1960s. 

Early systems focused exclusively on isolated 

character recognition, achieving accuracy rates below 

80% for cursive text. The introduction of neural 

networks in the 1990s improved recognition to 

approximately 95% for printed characters, yet 

semantic understanding remained absent. 

Contemporary approaches, despite leveraging deep 

learning architectures, still treat handwriting as a 

transcription problem rather than a communication 

medium. Research by Microsoft's Human-Computer 

Interaction group demonstrated that users abandon 

digital ink features at rates exceeding 73% within six 

months of adoption, primarily due to the lack of 

contextual intelligence and meaningful interaction 

[1]. 

This research introduces AI-native ink interfaces 

as a transformative paradigm that bridges the 

semantic gap between handwritten expression and 

computational understanding. Unlike traditional 

optical character recognition systems, AI-native ink 

interfaces integrate real-time machine learning 

models with large language models to interpret not 

just what is written, but the intent, context, and desired 

outcomes embedded within handwritten strokes. The 

proposed architecture processes ink at multiple 

semantic levels: from low-level stroke dynamics 

capturing velocity and pressure variations, to high-

level intent recognition that connects handwritten 

content with system-wide actions and user objectives 

[2]. 

The significance of this advancement extends 

across multiple domains  where  handwriting  remains 
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essential. In educational settings, where 89% of 

STEM students rely on handwritten problem-solving, 

AI-native ink could provide immediate feedback and 

step-by-step guidance. Enterprise environments, 

where meeting notes constitute over 2.3 billion hours 

of documented information annually, could benefit 

from automatic task extraction and workflow 

generation. Accessibility applications present perhaps 

the most compelling use case, as traditional input 

methods exclude approximately 15% of users with 

motor impairments or learning differences. By 

establishing ink as an intelligent, first-class input 

modality equivalent to voice and touch, this research 

aims  to  democratize   digital   interaction   for  diverse  

global   populations   while   preserving   the   cognitive  

benefits of handwriting [2]. 
 

2. Technical Architecture of AI-Native  

    Ink Systems 
 

The architectural foundation of AI-native ink 

systems transcends traditional pixel-based capture 

mechanisms by implementing multi-dimensional 

signal processing that extracts semantic features in 

real-time.  
 

Table 1. Multi-Dimensional Signal Processing Features in AI-Native Ink Systems [3], [4] 

 

 
 

Modern stylus devices capture raw input at sampling 

rates between 240-1000 Hz, generating data streams 

that include position coordinates, pressure levels 

ranging from 0-8192 discrete values, tilt angles up to 

±90 degrees, and azimuth rotation across 360 degrees. 

However, conventional systems discard 87% of this 

rich signal information during processing, focusing 

solely on x-y coordinates for character reconstruction. 

AI-native architectures leverage the complete signal 

spectrum through parallel processing pipelines that 

maintain temporal coherence while extracting 

features such as stroke velocity (0-500 pixels/second), 

acceleration patterns, and micro-gesture variations 

that encode user intent. Research demonstrates that 

incorporating these multi-dimensional features 

improves semantic understanding accuracy by 34.2% 

compared to coordinate-only approaches [3].The 

machine learning pipeline transforms raw ink signals 

into contextually interpreted actions through a 

sophisticated multi-stage architecture. Initial stroke 

embedding occurs through specialized convolutional 

neural networks that process 50-ms temporal 

windows, generating 512-dimensional feature vectors 

that capture both local stroke characteristics and 

global writing patterns. These embeddings feed into 

transformer-based models with 12 attention layers and 

768 hidden dimensions, trained on datasets 

comprising 14.3 million handwriting samples across 

92 languages. The contextual interpretation layer 

employs large language models with 7 billion 

parameters, fine-tuned specifically for handwriting 

comprehension tasks. This hierarchical approach 

achieves 96.8% accuracy in intent recognition while 

maintaining sub-100ms latency for real-time 

interaction. Notably, the system demonstrates 89% 

accuracy in interpreting incomplete strokes, enabling 

predictive assistance before users complete their 

handwritten input [3]. 

Integration at the operating system level presents 

significant technical challenges requiring novel 

approaches to memory management, process 

scheduling, and cross-application communication. 

The architecture implements a dedicated ink service 

daemon consuming approximately 180 MB of RAM, 

with dynamic allocation up to 450 MB during 

intensive processing tasks. Cross-platform 

compatibility necessitates abstraction layers that 

translate between Windows Ink, Apple PencilKit, and 

Android stylus APIs while maintaining consistent 

16ms frame timing for smooth visual feedback. The 

system employs edge computing strategies, 

processing 78% of computations locally while 

selectively offloading complex semantic analysis to 

cloud infrastructure when network latency remains 

below 50ms. Security considerations mandate end-to-

end encryption of ink data streams, adding 12% 

computational overhead but ensuring privacy-

preserving operation across distributed processing 

nodes [4]. 

Performance metrics reveal the delicate balance 

between computational accuracy and user-perceived 

responsiveness in AI-native ink systems. Latency 

measurements across 10,000 user sessions indicate 

mean stroke-to-feedback times of 47ms for basic 

recognition tasks and 93ms for complex semantic 

interpretation. The adaptive learning system 

continuously refines personal writing models, 

achieving 15% accuracy improvement after 1,000 

strokes and plateauing at 23% improvement after 

5,000 strokes per user. Power consumption analysis 

International Journal of Intelligent Computing Research (IJICR), Volume 16, Issue 1, 2025

Copyright © 2025, Infonomics Society | DOI: 10.20533/ijicr.2042.4655.2025.0161 1335



shows the complete pipeline requires 2.3W average 

power draw on mobile processors, extending to 4.7W 

during peak processing loads. Comparative studies 

demonstrate that users complete handwriting-based 

tasks 31% faster with AI-native assistance while 

reporting 78% higher satisfaction scores compared to 

traditional digital ink interfaces [4]. 

 

3. Implementation Framework and Core  

    Components 
 

The Ink Signal Engine represents the foundational 

layer of AI-native ink systems, employing 

sophisticated algorithms to analyze velocity, pressure, 

and temporal sequences beyond traditional coordinate 

capture. Operating at 960 Hz sampling rates, the 

engine processes incoming stylus data through 

parallel computational streams that extract 128 

distinct features per stroke segment. Velocity analysis 

tracks speed variations between 0-850 pixels/second, 

identifying characteristic patterns such as acceleration 

at stroke initiation (mean: 423 pixels/s²) and 

deceleration during direction changes (mean: -312 

pixels/s²). Pressure profiling captures force dynamics 

across 4096 discrete levels, revealing user-specific 

patterns where average writing pressure varies 

between 1823-2467 units depending on emotional 

state and cognitive load. Temporal sequence analysis 

employs sliding windows of 100ms duration with 

20ms overlap, enabling detection of micro-pauses 

(15- 50ms) that indicate word boundaries and macro-

pauses (>200ms) signaling phrase completion. 

Research demonstrates that this multi-dimensional 

analysis improves gesture recognition accuracy to 

94.7% compared to 76.3% for coordinate-only 

systems [5]. 

Transformer-based interpretation models form the 

semantic understanding core, trained on extensive 

datasets encompassing diverse writing styles and 

languages. The training methodology employs a 

custom dataset of 23.4 million handwriting samples 

collected from 47,000 contributors across 35 

countries, representing 92 languages and 14 script 

families. The model architecture features 16 

transformer layers with 1024-dimensional 

embeddings, utilizing rotary position encodings to 

capture stroke order dependencies. Training occurs 

through curriculum learning, progressing from 

isolated character recognition (achieving 98.9% 

accuracy after 50 epochs) to word-level understanding 

(95.6% accuracy) and finally sentence-level 

comprehension (91.2% accuracy). Data augmentation 

techniques, including elastic distortion, random 

rotation (±15 degrees), and synthetic noise injection, 

expand the effective training set by 8x. The model 

demonstrates remarkable cross-lingual transfer 

capabilities, achieving 87.3% accuracy on previously 

unseen scripts after fine-tuning on merely 10,000 

samples [5]. 

Context-aware LLM integration bridges the gap 

between recognized handwriting and actionable 

application intent through sophisticated prompt 

engineering and domain-specific fine-tuning. The 

system employs a 13-billion parameter language 

model with custom adaptations for handwriting-

specific tasks, processing recognized text alongside 

application state vectors encoding current context 

across 2048 dimensions. Integration latency remains 

below 120ms for 95% of queries through strategic 

caching of common intent patterns and predictive pre-

computation. The LLM processes handwritten input 

through specialized prompts that incorporate user 

history, application context, and domain knowledge, 

achieving 92.4% accuracy in intent classification 

across 156 predefined action categories. Notably, the 

system demonstrates 76% accuracy in interpreting 

ambiguous or incomplete handwritten commands by 

leveraging contextual cues and user behavior patterns 

[6]. 

The programmable action system empowers users 

to define custom gestures and behaviors, creating 

personalized interaction vocabularies that extend 

beyond pre-defined functionalities. Users can register 

custom gestures through a training interface requiring 

only 5-7 repetitions, with the system achieving 89.2% 

recognition accuracy for user-defined patterns. The 

customization framework supports complex action 

sequences, enabling macro-like behaviors where a 

single gesture triggers multiple system actions with 

conditional logic. Performance analysis across 5,000 

user-defined gestures reveals mean recognition times 

of 67ms with false positive rates below 2.3%. The 

system maintains separate neural pathways for 

standard and custom gestures, preventing interference 

while enabling parallel processing. Storage 

requirements average 2.4KB per custom gesture 

definition, allowing typical users to maintain libraries 

of 200-300 personalized interactions without 

significant memory impact [6]. 

 

 
  

Figure 1. Al-Native Ink System  

Process Funnel [5], [6] 
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4. Applications and Impact Assessment 
 

Educational technology applications of AI-native 

ink systems demonstrate transformative potential in 

real-time tutoring and STEM learning enhancement, 

particularly in mathematics and physics instruction. 

Implementation studies across 47 educational 

institutions involving 12,400 students reveal that AI-

assisted handwriting interfaces improve problem-

solving accuracy by 38.7% and reduce time-to-

completion by 24.3% for complex mathematical 

equations. The system provides immediate feedback 

on 94% of common algebraic errors within 1.2 

seconds of stroke completion, identifying mistakes in 

equation balancing, sign errors, and computational 

steps. In physics education, students using AI-native 

ink for diagram annotation and formula derivation 

show 42% better conceptual understanding scores 

compared to traditional digital tools. The real-time 

tutoring capability processes handwritten work 

through pedagogical models trained on 2.3 million 

solved problems, offering contextual hints that 

maintain student engagement while avoiding direct 

solution provision. Notably, retention rates improve 

by 31% when students receive handwriting-based 

feedback versus typed corrections, attributed to the 

cognitive benefits of manual writing combined with 

intelligent assistance [7]. 

Enterprise productivity transformations emerge 

through the conversion of passive handwritten notes 

into actionable workflows, fundamentally altering 

meeting dynamics and decision implementation. 

Analysis of 8,700 business meetings across Fortune 

500 companies indicates that AI-native ink systems 

extract an average of 14.2 actionable items per hour-

long session, with 89% accuracy in task assignment 

and deadline identification. The technology processes 

handwritten meeting notes in real-time, automatically 

generating task lists, calendar entries, and follow-up 

emails within 3.4 seconds of meeting conclusion. 

Integration with enterprise resource planning systems 

enables direct workflow triggering, where 

handwritten approval signatures initiate purchase 

orders, budget allocations, or project milestones. 

Productivity metrics show a 56% reduction in post-

meeting administrative tasks and a 73% improvement 

in action item completion rates. Financial impact 

assessments reveal average time savings of 6.8 hours 

per knowledge worker weekly, translating to $847 

million annual productivity gains across surveyed 

organizations [7]. 

Creative design applications leverage sketch-to-

asset pipelines that accelerate ideation and prototype 

development across architectural, industrial, and 

graphic design disciplines. The AI-native ink system 

transforms rough sketches into structured vector 

graphics within 2.7 seconds, maintaining design intent 

while adding geometric precision and layer 

organization. Architectural firms report a 67% 

reduction in concept-to-CAD conversion time, with 

the system accurately interpreting spatial 

relationships, dimensions, and material annotations 

from freehand drawings. Industrial designers utilize 

the technology complete initial prototype iterations 

4.3x faster, with AI assistance suggesting ergonomic 

improvements and manufacturing constraints during 

the sketching phase. The system's neural networks, 

trained on 18.2 million design sketches, achieve 91% 

accuracy in recognizing standard design elements and 

84% success in inferring three-dimensional 

relationships from two-dimensional sketches. User 

studies indicate that designers produce 2.8x more 

concept variations when using AI-native ink 

interfaces, attributed to reduced friction between 

ideation and digital representation [8]. 

Accessibility innovations through adaptive 

interfaces address diverse motor abilities, creating 

inclusive digital experiences for users with physical 

disabilities, tremors, or limited dexterity. The system's 

adaptive algorithms analyze writing patterns across 

50-ms intervals, automatically compensating for 

involuntary movements and tremors with frequencies 

between 12 Hz. Users with Parkinson's disease show 

76% improvement in handwriting legibility when 

using AI-stabilization features, while maintaining 

natural writing speed. The technology adapts to 

individual motor patterns through continuous 

learning, requiring only 15-20 minutes of initial 

calibration to achieve 88% recognition accuracy for 

users with severe motor impairments. Customizable 

gesture vocabularies enable users with limited range 

of motion to access full system functionality through 

simplified movements, with the average user creating 

34 personalized shortcuts. Clinical trials involving 

3,200 participants with various motor disabilities 

demonstrate 82% preference for AI-native ink 

interfaces over traditional adaptive technologies, 

citing improved autonomy and reduced cognitive load 

[8]. 

 

 
 

Figure 2. Transformative Applications of Al-Native 

Ink Systems [7], [8] 
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5. Future Directions 

 

The implementation of AI-native ink interfaces 

faces critical challenges in privacy protection, 

computational requirements, and cultural variations 

that demand innovative solutions. Privacy concerns 

arise from the deeply personal nature of handwriting, 

which reveals biometric identifiers with 99.2% 

individual uniqueness across populations exceeding 

10,000 samples. Current systems require continuous 

cloud connectivity for optimal performance, 

transmitting an average of 4.7MB of handwriting data 

per hour, raising significant concerns about data 

sovereignty and user surveillance. Computational 

requirements present equally daunting challenges, 

with full-featured AI-native ink systems demanding 

8.3 TFLOPS of processing power for real-time 

operation, exceeding the capabilities of 78% of 

current mobile devices. Cultural variations in writing 

systems pose additional complexity, as stroke order 

significance varies dramatically between Latin scripts 

(where order contributes 12% to recognition 

accuracy) and East Asian scripts (where order 

determines 67% of character meaning). Research 

indicates that developing culturally-aware models 

requires separate training datasets of at least 2.4 

million samples per script family, with computational 

costs increasing exponentially for languages with 

large character sets [9]. 

Research opportunities in multimodal integration 

and cross-lingual models present promising avenues 

for advancing AI-native ink capabilities beyond 

current limitations. Multimodal fusion combining 

handwriting with voice, gaze tracking, and gesture 

recognition achieves 94.6% intent recognition 

accuracy, compared to 81.3% for handwriting alone. 

Experimental systems incorporating simultaneous pen 

and touch input demonstrate 2.7x faster task 

completion for complex design workflows, with users 

naturally developing bimanual interaction patterns 

within 45 minutes of exposure. Cross-lingual models 

utilizing universal stroke embeddings show 

remarkable promise, achieving 73% character 

recognition accuracy on previously unseen scripts 

after training on only 15 related writing systems. The 

development of meta-learning approaches enables 

rapid adaptation to new languages with as few as 

1,000 training samples, reducing localization costs by 

89%. Neuromorphic computing architectures 

optimized for temporal sequence processing promise 

340x improvement in energy efficiency, potentially 

enabling AI-native ink on devices with 10-hour 

battery life [9]. 

Industry implications for standards development 

and ecosystem adoption necessitate collaborative 

frameworks that balance innovation with 

interoperability across platforms and vendors. 

Proposed IEEE standards for semantic ink 

representation define 384-dimensional feature vectors 

that capture stroke dynamics while maintaining 

backward compatibility with existing digital ink 

formats. Industry consortia, including Microsoft, 

Apple, Google, and Waco, have committed $847 

million toward developing open-source reference 

implementations, targeting deployment across 2.3 

billion devices by 2027. Ecosystem adoption patterns 

from early deployments indicate that achieving 

critical mass requires pre-installation on 35% of new 

devices and seamless integration with at least 50 

productivity applications. Economic modeling 

suggests that widespread adoption could generate 

$12.4 billion in productivity gains annually, with 

educational technology markets representing 43% of 

projected revenue. Standardization efforts must 

address 156 distinct use cases across enterprise, 

education, creative, and accessibility domains while 

maintaining performance benchmarks of sub-100ms 

latency and 95% recognition accuracy [10]. 

The vision for semantic handwriting computing 

represents a fundamental shift in human-computer 

interaction paradigms, positioning handwriting as an 

intelligent medium that bridges human cognition and 

digital capability. Next-generation interfaces will 

process handwritten input not as isolated commands 

but as continuous conversations with contextual 

memory spanning sessions, devices, and applications. 

Predictive models suggest that by 2030, AI-native ink 

interfaces will interpret intent before stroke 

completion with 87% accuracy, enabling thought-

speed interaction that surpasses current keyboard and 

voice input  by 2.3x  for complex tasks.  

 

 
 

Figure 3. Advancing Al-Native  

Ink Interfaces [9], [10] 

 

The convergence of quantum computing, advanced 

materials for pressure-sensitive surfaces, and brain-

computer interfaces promises to extend handwriting 

beyond physical surfaces to mid-air gestures and 

thought-guided ink. This transformation positions 

semantic handwriting as the primary interface for 4.2 

billion users globally, particularly in emerging  

markets where keyboard literacy remains  below  34% 
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but handwriting proficiency exceeds 89% [10]. 

 

6. Conclusion 
 

The development of AI-Native Ink Interfaces 

represents a fundamental advancement in human-

computer interaction, establishing handwriting as an 

intelligent medium that seamlessly bridges human 

cognition and digital capability. This research has 

demonstrated that by combining real-time signal 

processing, transformer-based machine learning, and 

context-aware language models, handwritten input 

can transcend its traditional role as static data to 

become a dynamic, responsive interface that 

understands and acts upon user intent. The 

comprehensive architecture presented addresses long-

standing limitations in digital ink systems while 

opening new possibilities for natural interaction 

across diverse domains. As the technology matures 

through industry standardization and ecosystem 

adoption, AI-native ink interfaces promise to 

democratize computing access globally, particularly 

benefiting populations where traditional keyboard-

based interaction presents barriers. The vision of 

semantic handwriting computing extends beyond 

current implementations to imagine a future where 

handwritten expression serves as a universal language 

for human-machine communication, adapting to 

individual needs, cultural contexts, and evolving use 

cases. This paradigm shift positions handwriting not 

as a legacy input method but as a cornerstone of next-

generation computing interfaces that combine the 

intimacy and expressiveness of pen and paper with the 

intelligence and capabilities of advanced artificial 

intelligence systems. 

 

7. References 
 

[1] Ken Hinckley et al., (2010). Pen + touch = new tools. In 

Proceedings of the 23rd Annual ACM Symposium on User 

Interface Software and Technology, New York, USA. pp. 

27-36. DOI: 10.1145/1866029.1866036 

 

[2] Luan Ling Lee and S.I. Coelho, (2005). IAM-OnDB - an 

online English sentence database acquired from handwritten 

text on a whiteboard. In Eighth International Conference on 

Document Analysis and Recognition (ICDAR'05), Seoul, 

Korea (South). pp. 956-961, Vol. 2. https://ieeexplore.ieee 

.org/document/1575684 (Access Date: 23 January 2025). 

 

[3] R. Plamondon et al., (2002). Online and off-line 

handwriting recognition: a comprehensive survey. In IEEE 

Transactions on Pattern Analysis and Machine Intelligence, 

vol. 22, no. 1, pp. 63-84, Jan.  https://ieeexplore.ieee.org/do 

cument/824821 (Access Date: 23 Aug 2025). 

 

[4] Alex Graves et al., (2009). A Novel Connectionist 

System for Unconstrained Handwriting Recognition. In 

IEEE Transactions on Pattern Analysis and Machine 

Intelligence, vol. 31, no. 5, pp. 855-868, May. https://ieeex 

plore.ieee.org/document/4531750 (Access Date: 06 July 

2025) 

[5] Doermann, D., and Tombre, K. (2014). Handbook of 

Document Image Processing and Recognition. London: 

Springer-Verlag, pp. 523-568. https://link.springer.com/ref 

erencework/10.1007/978-0-85729-859-1#author-1-0 (Acce 

-ss Date: 17 March 2025). 

 

[6] Zalasiński, M., and Cpałka, K. (2018).  A new method 

for signature verification based on selection of the most 

important partitions of the dynamic signature. Neuro 

computing. Volume 289, 10 May, Pages 13-22. 

https://www.sciencedirect.com/science/article/abs/pii/S092 

5231218301462 (Access Date: 17 February 2025). 

 

[7] C. C. Tappert et al., (2002). The state of the art in online 

handwriting recognition. In IEEE Transactions on Pattern 

Analysis and Machine Intelligence, vol. 12, no. 8, pp. 787-

808, Aug. https://ieeexplore.ieee.org/document/57669 (Acc 

ess Date: 11 May 2025). 

 

[8] Hu, J., Brown, M. K., and Turin. W. (1996). HMM-

based online handwriting recognition. In IEEE Transactions 

on Pattern Analysis and Machine Intelligence, vol. 18, no. 

10, pp. 1039-1045, Oct. https://ieeexplore.ieee.org/docum 

ent/541414 (Access Date: 28 July 2025). 

 

[9] Plamondon, R. (1995). A kinematic theory of rapid 

human movements. Part I. Movement representation and 

generation. In Biological Cybernetics, vol. 72, no. 4, pp. 

295-307. https://link.springer.com/article/10.1007/BF0020 

2785 (Access Date: 05 June 2025). 

 

[10] U. V. Marti and H. Bunke, (2002). The IAM-database: 

an English sentence database for offline handwriting 

recognition. In International Journal on Document Analysis 

and Recognition, vol. 5, no. 1, pp. 39-46. https://link.s 

pringer.com/article/10.1007/s100320200071 (Access Date: 

13 May 2025). 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

International Journal of Intelligent Computing Research (IJICR), Volume 16, Issue 1, 2025

Copyright © 2025, Infonomics Society | DOI: 10.20533/ijicr.2042.4655.2025.0161 1339




