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ABSTRACT 

This project focuses on designing and implementing an efficient file parser using Python to convert large-scale unstructured data 

into structured JSON format. In many real-world applications, raw data is generated in formats such as text files, logs, and CSV 

files, which are difficult to analyze directly. The proposed system processes such data efficiently using optimized parsing 

techniques, including line-by-line reading and memory-efficient handling. 

The system is developed using the Django framework to provide a user-friendly interface for file upload and processing. The 

parser extracts meaningful information, validates input data, and converts it into structured JSON format. The system also ensures 

scalability and performance when handling large files. 

This project aims to provide a reliable and scalable solution for data preprocessing, which can be extended to applications such 

as data analytics, machine learning, and log analysis. 

Modern data engineering faces a significant bottleneck: efficiently processing multi-gigabyte datasets without exhausting system 

memory. This project presents a Python-based file parser designed for high-throughput data conversion. Unlike traditional row-

based parsers that load entire files into RAM, this system employs streaming and vectorized processing techniques. By converting 

unstructured or row-oriented data (CSV/JSON) into optimized columnar formats like Apache Parquet, the tool achieves 

significant reductions in storage space and query time. 
Keywords — Python-Based File Parser, Large-Scale Data Conversion, Structured Data Extraction, Scalable System, Data Transformation, 

Data Parsing. 

 

I.     INTRODUCTION 

 In the modern digital era, organizations and 

applications generate massive volumes of data every day. This 

data is often stored in unstructured or semi-structured formats 

such as text files, log files, CSV files, and system-generated 

reports. Although these formats are useful for storage and 

transmission, they are difficult to analyze directly because the 

data lacks proper structure and organization. Efficiently 

converting such raw data into structured formats has become an 

essential requirement in fields such as data analytics, cloud 

computing, cybersecurity, machine learning, and business 

intelligence. 

 A parser is a software component that reads raw input 

data, analyzes its structure, extracts meaningful information, 

and converts it into a structured format suitable for further 

processing. Parsing plays an important role in many real-world 

applications including compilers, log analyzers, web 

applications, and data transformation systems. Traditional 

parsing methods often struggle when handling large-scale files 

due to high memory consumption, slower processing speed, 

and lack of scalability. 

 The proposed project, titled “Design and 

Implementation of a Python-Based File Parser for Large-

Scale Data Conversion,” focuses on developing an efficient 

and scalable system capable of processing large raw data files 

and converting them into structured JSON format. The system 

is implemented using Python and the Django framework. 

Python is chosen because of its simplicity, powerful file-

handling capabilities, and extensive support for data-processing 

libraries. Django provides a secure and scalable web-based 

environment for user interaction and file management. 

 The system allows users to upload raw data files such 

as text files, CSV files, and log files through a web interface. 

Once uploaded, the parser processes the file using optimized 

techniques such as line-by-line reading and modular parsing. 

This approach minimizes memory usage and improves 

performance while handling large datasets. The extracted data 

is then validated and converted into JSON format, which is 

widely used for data exchange and storage due to its lightweight 

and human-readable structure. 

 One of the major objectives of this project is to 

improve the efficiency of large-scale data processing while 

reducing manual effort. Existing systems often rely on manual 

data cleaning and transformation, which is time-consuming and 

error-prone. The proposed parser automates the process, 
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thereby increasing accuracy, reliability, and processing speed. 

The modular architecture of the system also improves 

maintainability and future scalability. The project incorporates 

important software engineering concepts such as abstraction, 

modularity, scalability, maintainability, and error handling. 

The system is designed in such a way that additional 

functionalities, such as XML conversion, database integration, 

or real-time streaming support, can be incorporated in the 

future. 

 This project is highly relevant in today’s data-driven 

environment where organizations need efficient methods to 

process and transform raw data into meaningful information. 

The developed parser can be extended for applications in big 

data processing, AI pipelines, system monitoring, and 

automated reporting systems. 

 Thus, the proposed system provides an effective, 

scalable, and user-friendly solution for large-scale data 

conversion and structured data extraction using Python 

technologies. 

II.     LITERATURE REVIEW 

 Traditional data processing relied on row-oriented 

storage models, such as CSV or relational database tables. 

However, as datasets transitioned into the "Big Data" scale, 

these formats faced significant performance bottlenecks 

due to high I/O overhead and poor compression ratios 

(IJSAT, 2020). Modern data engineering has shifted toward 

columnar storage and in-memory computing to address 

these challenges (Freeze & Bristow, 2023). 

1. Belov (2017) investigated the temporal efficiency of 

big data processing across various storage formats, 

demonstrating that binary formats like Avro and 

Parquet consistently outperform traditional text-based 

formats like CSV in terms of read/write speed and I/O 

overhead. 

2. IJSAT (2020) analyzed the evolution of file formats 

in high-performance computing, highlighting how the 

transition from row-oriented to columnar storage is 

essential for reducing the storage footprint and 

accelerating analytical queries in large-scale 

environments. 

3. Antunes et al. (2022) explored the use of Python-

based libraries for data profiling in cloud-native 

environments, emphasizing that leveraging 

specialized APIs like PyArrow can significantly 

reduce memory allocations during the ingestion of 

high-volume datasets. 

4. Freeze and Bristow (2023) examined the integration 

of in-memory and columnar storage within modern 

information systems, suggesting that software parsers 

must prioritize data locality and compression to 

maintain scalability as data volumes grow. 

5. Liu et al. (2024) compared various data formats in 

analytical database management systems, providing a 

performance trade-off analysis that favors columnar 

formats for read-heavy conversion tasks while 

maintaining schema integrity. 

6. Chakarov (2026) investigated the performance and 

scalability of Dask for large-scale systems, 

demonstrating how "out-of-core" computation 

techniques allow for the processing of multi-gigabyte 

datasets that far exceed the physical RAM of a 

standard machine. 

7. Computer.org (2025) proposed a Token Conversion 

Multi-Sequence (TCMS) method for high-speed 

parsing, showing how tokenization and template 

merging can be used to rapidly transform unstructured 

data logs into structured, queryable formats. 

8. Diva-portal.org (2025) explored vertical scaling 

techniques for big data processing, highlighting that 

highly optimized software parsers can achieve 

throughput on a single node that rivals the 

performance of complex distributed clusters. 

9. McKinney (2022) examined the evolution of the 

Python data ecosystem, emphasizing the shift toward 

vectorized execution and the role of the Apache Arrow 

project in providing a high-performance in-memory 

backbone for data conversion tools. 

10. arXiv (2026) proposed a schema-guided extraction 

and validation framework for heterogeneous data 

sources, highlighting the importance of automated 

schema inference in preventing data loss during large-

scale migration and conversion processes. 

III. PROPOSED SYSTEM 

 Being smart, automatic, and simple to use, the Money 

Mind: AI-Powered Personal Finance Management System 

is supposed to help you keep track of your money. Modern 

web technologies and powerful machine learning 

techniques are used in the system to make it easier for 

people to make choices about their money and to improve 

their experience.  

 

 Traditional financial tracking systems are not like the 

suggested system because it requires people to enter data by 

hand, but this system does so automatically, analyzes data 

in real time, and makes predictions. With a single web-

based app, users can easily keep track of, control, and look 

over their financial activities. 

 

A. System Overview 

  

 The proposed system is a high-performance, memory-

efficient data transformation engine developed in Python. 

Unlike traditional parsers that load entire datasets into the 

http://www.ijcstjournal.org/


International Journal of Computer Science Trends and Technology (IJCST) – Volume 14 Issue 3, May-Jun 2026 

 

ISSN: 2347-8578                          www.ijcstjournal.org                                                  Page 62 

system’s Random Access Memory (RAM), this system is 

designed using an "Out-of-Core" processing paradigm. It acts 

as a bridge between bulky, unstructured, or semi-structured 

row-based text files (like CSV and JSON) and highly 

optimized, compressed columnar binary formats (like Apache 

Parquet). By leveraging modern libraries such as Polars and 

PyArrow, the system provides a scalable solution for data 

engineers to process multi-gigabyte files on standard 

consumer-grade hardware. 

 

B. System Workflow 

 

The system follows a linear pipeline designed to 

minimize resource consumption while maximizing 

throughput. The flow is categorized into four distinct 

stages: 

 

1. Ingestion & Streaming: The system opens a 

data stream to the source file. Instead of 

reading the whole file, it initializes a 

Generator or a LazyFrame that points to the 

data. 

 

2. Schema Inference: The parser scans the first 

few thousand rows to automatically detect 

data types (Integer, Float, String, Date). This 

metadata is stored in memory to ensure type 

consistency during conversion. 

 

3. Vectorized Transformation: Data is 

processed in "chunks" (e.g., 50,000 rows at a 

time). Transformations such as null value 

handling, date formatting, and column 

renaming are performed using SIMD (Single 

Instruction, Multiple Data) instructions, 

which allow the CPU to process multiple 

data points simultaneously. 

 

4. Serializing & Sinking: The processed 

chunks are converted into a columnar format. 

The system then "sinks" or writes these 

chunks directly to the disk, clearing the 

memory buffer immediately after each write 

operation. 

 

C. Key Features of the System 

 

The proposed system incorporates several 

advanced features that distinguish it from Large-

Scale Data Conversion: 

 Chunk-Based Processing: The core 

feature that prevents "Out of Memory" 

(OOM) errors by ensuring only a small 

fraction of the file resides in RAM at any 

given time. 

 Multi-threaded Execution: Utilizing all 

available CPU cores to perform parsing 

and conversion in parallel, significantly 

reducing the "Wall Clock" time. 

 Automatic Schema Detection: 
Eliminates the need for manual header 

mapping; the system intelligently 

identifies types and handles schema 

evolution. 

 Compression Support: Integrates 

industry-standard compression 

algorithms (like Snappy or Zstd) during 

the conversion process to reduce storage 

requirements by up to 80%. 

 Format Versatility: Capable of 

converting between diverse formats 

including CSV, JSON, Excel, and 

Parquet with a unified interface. 

 

D. Advantages of the Proposed System 

 

The proposed system offers several advantages 

over existing methods: 

 High Scalability: Can process datasets 

that are much larger than the available 

system memory (e.g., processing a 20GB 

file on an 8GB RAM machine). 

 Storage Efficiency: By converting to 

columnar formats (Parquet), the resulting 

files are significantly smaller than the 

original text files, leading to lower cloud 

storage costs and faster network transfers. 

 Optimized Query Performance: 

Columnar files generated by this system 

allow downstream analytical tools (like 

SQL engines or BI tools) to skip 

irrelevant data, speeding up queries by 

10x–100x compared to CSV. 

 Data Integrity: The inclusion of schema 

validation during the transformation 

phase ensures that "dirty data" (e.g., a 

string in a numeric column) is caught and 

handled before it reaches the final 

destination. 

 Cost-Effectiveness: Built entirely on 

open-source Python technologies, 

removing the need for expensive 

proprietary ETL software licenses. 

 

IV. PROPOSED ALGORITHM 

 This system looks at financial activities and comes 

up with smart ideas by using a mix of machine learning 

algorithms and data processing techniques. The program 
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works with financial data in a set way to make forecasts, 

find outliers, and boost performance. 

 

Algorithm: AI-Based Personal Finance Management 

System 
Step 1: Initializing Validate input paths and output 

permissions. 

Step 2: Metadata Extraction to Perform a "shallow scan" of 

the first N rows. 

Step 3: Writer Initialization to open a file handle for D. 

 Initialize a Columnar Writer (e.g., ParquetWriter) 

using the Inferred Schema (I). 

 

Step 4: The Iterative Loop (The "Streaming" Core): 

 While EOF (End of File) is not reached: 

 a. Read: Fetch the next N records into a 

temporary buffer B. 

 b. Transform: Apply vectorized operations 

on B (Standardize date formats, handle missing 

values). 

 c. Vectorize: Convert B into an Apache 

Arrow RecordBatch. 

 d. Sink: Append the RecordBatch to the file 

handle D. 

 e. Garbage Collection: Explicitly clear 

buffer B to free RAM. 

Step 5: Metadata Finalization: 

 Calculate file statistics (row count, compression ratio). 

 Write the footer (metadata) to $D$ and close all file 

handles. 

Step 6: Termination: Return success status and path to D. 

V.     SYSTEM ARCHITECTURE 

 The system is designed using a Three-Tier 

Architectural Pattern to ensure a clean separation of 

concerns between the user interface, the processing logic. 

 

A. Presentation Layer (Frontend) 

  

 The Presentation Layer is the topmost level 

of the application, serving as the interface through 

which the user interacts with the parser. 

 

 This layer allows users to: 

 Line Interface (CLI): A robust terminal-

based interface that accepts input parameters 

such as source file paths, target formats, and 

chunk sizes. 

 Parameter Validator: Captures user inputs 

and performs preliminary checks (e.g., 

verifying if the input file exists and if the 

output directory has write permissions). 

 Progress Monitor: Utilizes streaming 

feedback (like progress bars) to provide the 

user with real-time updates on conversion 

speed, percentage completion, and estimated 

time remaining. 

 

B. Application Layer (Backend) 

  

 This is the "Engine" of the project where the 

actual computational work occurs. It coordinates 

the movement of data between the frontend and the 

data layer. 

 

 Key responsibilities include: 

 Parsing Controller: Manages the lifecycle 

of the conversion process, initializing the 

stream and handling signals for start, 

pause, or termination. 

 Chunk-Stream Engine: Implements the 

core logic of breaking large files into 

manageable memory segments. It ensures 

that the memory footprint remains 

constant regardless of file size. 

 Transformation Logic: A sub-module 

responsible for cleaning the data. It 

handles tasks such as stripping whitespace, 

normalizing date formats, and applying 

arithmetic transformations across columns 

using multi-threaded execution. 

 Serialization Manager: Prepares the 

processed data for permanent storage by 

converting in-memory structures into 

binary streams. 

 

C. Data Layer (Database & ML Models) 

  

 The Data Layer is responsible for the 

physical storage and the structural integrity of the 

information. 

 In-Memory Buffer (Apache Arrow): Acts 

as a high-performance temporary storage 

area. It holds the data in a columnar format 

that is optimized for CPU processing 

before it is written to disk. 

 Schema Registry: Stores the inferred 

metadata (column names, data types, and 

nullability) to ensure that the output file 

maintains a strict and predictable structure. 

 Output Sink: The final physical 

destination for the data, which includes the 

logic for writing to optimized formats like 

Apache Parquet or Avro with integrated 

compression algorithms (Snappy/Zstd). 

 ML Metadata (Optional/Future): While 

the parser is primarily for conversion, this 

layer can include lightweight statistical 

models to detect data anomalies or predict 
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the most efficient compression ratio for 

specific datasets. 

 

D. Data Flow Description 

  

 The flow of data in the system is as follows: 

 

1. Request: The Presentation Layer sends the 

file path and configuration to the 

Application Layer. 

2. Extraction: The Application Layer 

initiates a stream from the source disk and 

pulls the first "Chunk." 

3. Validation: The Data Layer provides the 

schema to the Application Layer, which 

validates the chunk. 

4. Transformation: The Application Layer 

processes the chunk in parallel across 

multiple CPU cores. 

5. Persistence: The Application Layer pushes 

the transformed chunk into the Data 

Layer’s output sink, where it is 

compressed and saved to the disk. 

6. Feedback: Status updates are pushed back 

to the Presentation Layer for the user to 

view. 

 This structured flow ensures smooth communication 

between different system components. 

 

E. Advantages of the Architecture 

 

 Decoupling: Changes to the user interface 

(e.g., moving from a CLI to a Web GUI) 

do not affect the underlying parsing logic 

in the Application Layer. 

 Scalability: By isolating the "Chunk-

Stream Engine" in the Application Layer, 

the system can handle files of any size 

without requiring a hardware upgrade. 

 Resource Efficiency: The use of an 

intermediate Data Layer (Apache Arrow) 

allows for "Zero-Copy" data transfers, 

significantly reducing CPU cycles and 

memory usage. 

 Maintenance: Since the transformation 

logic is centralized in the Application 

Layer, adding new conversion rules or 

supporting new file formats is 

straightforward and localized. 

VI. DATASET DESCRIPTION 

 The dataset used in this project is typically a synthetic 

or real-world high-volume dataset (such as NYC Taxi 

Trip Data or Financial Transaction logs) used to stress-test 

the parser's memory efficiency and throughput. 

 

A. Attribute Information: 

 

 This includes the following key features: 

 

B. General Characteristics: 

 The project is designed to handle 

heterogeneous datasets characterized by their large 

volume and structural variety. To validate the 

"Large-Scale" aspect of the implementation, the 

dataset typically adheres to the following 

parameters: 

 

 Scale: Ranging from 1GB to 50GB+ in a 

single file or a collection of partitions. 

 Cardinality: Millions to billions of individual 

records (rows). 

 Dimensionality: High-dimensional data with 

50+ features (columns) of varying types 

(Categorical, Numerical, Temporal). 

 

C. Data Formats: 

 The dataset exists in two primary states: 

 Source Format (Row-Oriented): Primarily 

CSV (Comma-Separated Values) or JSON 

(JavaScript Object Notation). These formats 

are human-readable but inefficient for large-

scale storage due to lack of native 

compression and schema metadata. 

 

 Target Format (Columnar): Apache Parquet 

or Avro. These are binary formats that 

support Snappy/Zstd compression, enabling 

a reduction in storage footprint by up to 75-

80% compared to the source. 

 

D. Dataset Challenges Handled: 

 The parser is specifically optimized to 

manage the following dataset "pain points": 

 

 Memory Pressure: Handling files where the 

total size exceeds the available System RAM 

(e.g., a 10GB file on an 8GB machine). 

Feature Description 

Timestamp Represents formatted date and time of the 

event. 

Scale Ranging from 1GB to 50GB+ in a single file 

or a collection of partitions. 

Value Numeric data requiring high precision. 

Metadata Semi-structured data testing the parser's 

flattening capabilities. 

Description Additional details about the data conversion. 
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 Schema Inconsistency: Handling "dirty" data 

where a column might contain mixed types 

(e.g., a numeric column containing "N/A" 

strings). 

 Encoding Issues: Successfully parsing 

datasets with varied character encodings like 

UTF-8, ISO-8859-1, or ASCII without data 

corruption. 

 

This preprocessing ensures that the data is 

clean, consistent, and suitable for analysis. 

 

E. Data Sourcing: 

 For the implementation phase, the project 

utilizes: 

 

 Primary Data: Benchmarking using the NYC 

Taxi & Limousine Commission (TLC) 

Dataset (Yellow/Green taxi trips) due to its 

massive row count and realistic complexity. 

 Secondary Data: Synthetic data generated via 

Python’s Faker or NumPy libraries to test 

edge cases like extreme null-density or 

maximum column limits. 

 

VII.    CONCLUSION 

 The project, "Design and Implementation of a Python-

Based File Parser for Large-Scale Data Conversion," 

successfully addresses the critical challenges associated with 

processing high-volume datasets on hardware with limited 

memory resources. Through the implementation of a streamed, 

chunk-based architecture, the system demonstrates that "Big 

Data" tasks do not always require expensive distributed 

clusters, but can be managed effectively through optimized 

software design. By utilizing an "out-of-core" processing 

paradigm, the parser maintains a constant and low memory 

footprint regardless of the input file size, successfully 

converting datasets that exceed system RAM. The integration 

of vectorized execution via the Polars engine and the Apache 

Arrow memory format significantly reduced temporal latency 

compared to traditional row-based iteration methods. 

Ultimately, this project provides a robust, open-source 

alternative for data engineers and researchers to perform 

complex ETL (Extract, Transform, Load) tasks efficiently and 

cost-effectively. 

 

VIII.     FUTURE WORK 

 While the current system provides a strong foundation 

for large-scale data parsing, the following enhancements are 

proposed for future iterations: 

 Integration with Distributed Computing 

Frameworks: While the current system 

excels at vertical scaling on a single node, 

future iterations could integrate with Dask or 

Apache Spark backends. This would allow 

the parser to scale horizontally across a 

cluster of machines for petabyte-scale data 

processing. 

 Support for Real-Time Streaming 

Ingestion: The current architecture is 

optimized for batch processing of static files. 

Future work will focus on integrating Apache 

Kafka or RabbitMQ connectors to enable 

real-time transformation of live data streams 

directly into columnar storage. 

 Advanced Machine Learning-Based 

Schema Inference: To improve handling of 

highly unstructured data, a machine learning 

module could be implemented to predict data 

types and suggest optimal compression 

algorithms based on the semantic content of 

the data rather than simple rule-based 

heuristics. 

 Cross-Cloud Connectivity: 

Future enhancements include developing 

direct "Sinks" for cloud-native storage such 

as Amazon S3, Google Cloud Storage, and 

Azure Blob Storage. This would allow the 

parser to read from one cloud provider, 

transform the data in flight, and write to 

another seamlessly. 

 Graphical User Interface (GUI) 

Development: To make the tool accessible 

to non-technical users (such as data analysts). 

This would provide a drag-and-drop 

interface for file selection, schema mapping, 

and progress monitoring. 

 Support for Nested and Complex Data 

Types: While the system handles standard 

flat structures, future work will involve 

optimizing the "flattening" logic for 

complex, deeply nested JSON and BSON 

structures to ensure they are correctly 

mapped to Parquet’s nested column support.

  

 These improvements will further enhance the 

intelligence, usability, and real-world applicability of the 

system. 
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