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Abstract

The rise of cloud computing and serverless computing changed the paradigms of data
processing, leading to unparalleled scalability and cost-effectiveness in working with
different types of data. Nevertheless, traditional CSV processing workflow falls behind in
terms of dynamic schema changes and does not have any quality assurance measures,
especially in a serverless setup. The proposed research presents an intelligent serverless
framework to handle CSVs that combines the features of real-time schema translation with
anomaly detection and quality assurance. Unlike the classical approach of batch
processing with the use of AWS Glue crawlers to perform schema detection, our
framework utilizes AWS Lambda functions with dynamic python-based inference features
eliminating the bottleneck in schema synchronization. AWS Step Functions are also
included to dictate multi-stage workflows of validation processes that guarantee the
integrity of data in the processing pipeline. In addition, this framework builds an intelligent
storage optimization strategy that sends frequently accessed data to AWS Redshift
Serverless and cold data to S3 Intelligent Tiering. The performance evaluation covers
schema adaptation latency, anomaly detection accuracy, processing throughput, and cost-
per-GB processed, in comparison with the traditional implementations involving AWS
Glue-Redshift solutions.

1 Introduction

1.1 Research Background

The introduction of serverless computing architectures, their implicit scalability, affordable
price positioning, and ease of use, has led to a fundamental change in landscape of data
processing (Shojaee Rad and Ghobaei-Arani, 2024). They form the new standard to facilitate
various types of data processing workloads and are becoming a key enabler of event-driven
applications and real-time data analytics (Mirampalli et al., 2024). The wide adoption of CSV
data formats within enterprise contexts has led to a tangled chain of new challenges to
traditional data processing pipelines, especially encompassing schema evolutions and how they
affect consistent data quality thresholds. Modern studies suggest that companies that
implement serverless data processing pipelines may reduce operational overhead by as much
as 70 percent compared to the performance of traditional server-based infrastructures and at
the same time enjoy a high degree of scalability and flexibility (Cinaglia and Cannataro, 2023).
Nevertheless, the current state of serverless-based CSV processing and applications is oriented
toward static schema detection strategies, thus imposing a large bottleneck on the real-time
data ingestion pipeline in which schemas change rapidly. The inclusion of artificial intelligence
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and machine learning functionalities into serverless configurations has also escalated the
requirement of highly dependable data processing structures that might manage complicated
data transformations alongside the strict quality assurance levels (Spiegelberg et al., 2023).
With this research, the focus is on serverless application platforms to use machine learning
based smart models for dynamic schema adaptation and anomaly detection in addition to
automated quality assurance processes to increase the overall effectiveness and accuracy of
CSV information processing pipelines in the realm of cloud-hosted applications.

1.2 Problem Statement

The existing serverless approaches to CSV processing exhibit severe scalability constraints,
which are reflected by the chosen architecture that limits them in dealing with dynamic data
problem statements. The main difficulty is that it is dependent on scheduled execution systems,
like AWS Glue crawlers, heavily increasing the schema detection and update latency, which
becomes a bottleneck when processing CSV files with changing column structures or deep
nested arrangements (Pakdil and Celik, 2022). Also, current implementations do not include
built-in anomaly detection system where one can handle the data quality aspect in terms of
corrupted fields, inconsistent date-time pattern, and unusual null values in the ingestion scheme
that subsequently corrupt analytics downstream (Moina-Rivera et al., 2023). The lack of end-
to-end quality assurance mechanisms of serverless CSV processing environments leads to a
surge in relevant operational expenses and low data trustworthiness, especially when working
with high volumes of data with varying quality attributes.

1.3 Motivation

The study is inspired by key weaknesses in the current methods used to generate and process
CSVs that have created huge operational overheads within organizations. Existing AWS Glue
pipelines are plagued by latencies in scheduled crawlers resulting in hours of delay in schema
synchronization, no built-in anomaly detection causing corruption of downstream analytics and
complexity of supporting schema changes manually. When an organization is generating huge
CSV data that need to be processed in real-time, these limitations make operations 70 percent
more expensive and data quality questionable. The event-driven nature of serverless computing
and its pay-per-use model offers an advantage to remove these bottlenecks through schema-
adaptation automation, thorough quality assurance and intelligent optimization of storage space
that meets the increasing demand of efficient and effective scalable CSV processing services.

1.4 Research Question

What measurable performance improvements in terms of schema adaptation latency,
processing throughput, and anomaly detection accuracy can be achieved by implementing an
intelligent serverless CSV processing pipeline with integrated dynamic schema adaptation and
automated quality assurance mechanisms compared to traditional AWS Glue-centric batch
processing approaches?

1.5 Problem Solution

The solution uses AWS Lambda functions and Pandas, a python library to build a real-time
schema adaptation engine to dynamically infer the schema on S3 upload activities thus
avoiding the need to create scheduled execution of AWS Glue crawlers and their associated
schema detection latency. It further improves on the framework proposed by (Gupta et al.,
2023) in their AWS Glue-Redshift-QuickSight pipeline with the redesign of an event-driven
serverless as an extension to the regular batch processing paradigm. The framework integrates
the use of AWS Step Functions to orchestrate validation procedures such as statistical anomaly
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detection that covers the validation of data types and time-stamp coherence to achieve an end-
to-end quality assurance on processing pipeline (Ebrahimi et al., 2024). A smart storage
optimization component moves data that is frequently accessed through Redshift Serverless to
get optimized query performance and automatically tiers cold data to S3 Intelligent Tiering,
maximizing cost-efficiency that does not affect the accessibility of the data. The architecture
adopts event-driven processing infrastructures that allow the processing of events to respond
to data ingestion in real-time and allowing parallel processing of large datasets and different
CSV files with complex schema structures to scale. Such an end-to-end composition guarantees
that companies could use high data quality standards and gain substantial gains in processing
efficiency and cost-effectiveness compared to conventional batch processing approaches.

1.6 Research Objective & Contributions

The central aim of the work is to prototype, test and demonstrate an intelligent serverless CSV
processing system which combines dynamic schema adaptation with automated quality
confirmation systems in order to provide high performance, cost-effective, high-quality data
relative to conventional batch processing approaches.

The research contributions are listed as below:

1. A real-time schema adaptation engine that uses AWS Lambda and Python Pandas
library to infer dynamic CSV schema.

2. The creation of an anomaly detection pipeline designed with the help of AWS Step
Functions that concatenate exhaustive validation processes.

3. To develop a smart serverless storage optimization framework that uses dynamic
routing of data between Redshift Serverless and S3 intelligent tiering according to
patterns of access.

A performance evaluation methodology capable of assessing the schema adaptation latency,
anomaly detection accuracy, processing throughput, and costs for each gigabyte of data
processed and comparing it to traditional AWS Glue-Redshift deployments

1.7 Thesis Structure

The thesis describes the methods studied in the research, implementation, and assessment of
the formulated mechanism for serverless processing of CSV files. In Chapter 2, the literature
review is laid out that focuses on the contemporary methods for implementing serverless
computing, dynamic schema, and automated data quality assurance while also defining the
gaps in the existing research. Chapter 3 provides the research protocol covering the
methodological framework, data inspection, specifications, and evaluation measures. Chapter
4 showcases the system design architecture including AWS Lambda functions, Step Functions,
and intelligent storage optimization components. Chapter 5 presents the code development,
configuration, and deployment procedures of the serverless pipeline. Chapter 6 provides the
experimental result and performance analysis of the proposed framework in comparison with
the baseline. Chapter 7 summarizes the work by giving an account on the research findings and
limitations as well as future research directions.

2 Related Work

The theoretical foundation for this research rests on several key concepts established in the
literature. This comprehensive literature review examines some recent research papers that
address the critical intersection of serverless computing, dynamic schema adaptation, and
automated data quality assurance for CSV processing pipelines



2.1 Data Processing Pipelines in Serverless Frameworks

Lopez et al., (2021) introduces the Triggerflow, an extensible trigger-based orchestration
design that supports serverless workflows and is based upon Knative Eventing and Kubernetes.
The addressed problem is the shortcoming of the current cloud orchestration tools to either
support only short-lived workflows or incur a hefty overhead in the case of vastly parallelized
jobs. This methodology talks about having an event-condition-action architecture using stateful
triggers to orchestrate a workflow. Key findings reveal that Triggerflow is capable of
generating various orchestrators that are reactive by nature (State Machines, DAGs, Workflow
as Code), while at the same time allowing processing of high-volume events through auto-
scaling. The framework was more effective in the organization of large maintainable scientific
workflows than alternative solutions available, such as AWS Step Functions and Azure
Durable Functions, with the capability to scale to zero when idle.

Burckhardt et al., (2022) presents Netherite, a new architecture of running serverless workflows
on elastic clusters to alleviate the 1/Os bottlenecks in stateful serverless frameworks, such as
Durable Functions. The solution is achieved through partitioning application objects into block
chunks, and pipelining state persistence, so that the casually related parts of a workflow can be
collectively committed. Some of the tools employed are Azure Durable Functions, FASTER
storage engine, and elastic compute clusters. The results indicate that Netherite receives more
than 10x better latency and throughput than the original Durable Functions engine. This system
takes advantage of the hybrid log support of FASTER storage system to support states that will
not fit in memory and be efficient in moving partitions. Benchmarks show that its performance
has a dramatic advantage over both AWS Step Functions and cloud storage triggering, which
makes it a good candidate for serverless applications that work with large volumes of data.
Cai et al.,, (2024) introduces a serverless-based stream processing framework (SPSC)
mitigating the problem of underutilized resources and large latency associated with the
implementation of the traditional distributed stream processing systems such as Apache Flink
and Spark. AWS Lambda, SQS and DynamoDB were used to implement the framework to
evaluate the prototype. The main results demonstrate that SPSC works better than the real-time
computing Flink version of Alibaba by about 10.12% in its equivalent overhead steps. This
method is applied to industrial big data processing, which is difficult to accommodate in a
traditional framework that cannot deal with dynamically recurring workloads. The results
showed better resource use and patchiness in smart manufacturing data processing pipelines,
which makes it very applicable in CSV and structured data processing with serverless
environments.

Sprocket is one of the highly performative, stage-based, scalable and serverless video
processing framework that leverages intra-video parallelism in terms of low latency data
processing, as described in (Ao et al., 2018). The solved problem is the possibility of
implementing complicated media processing pipelines atop the serverless infrastructure in a
scalable way with an acceptable performance. The main observations indicate the processing
of a 3,600-second video with 1000-way parallelism in tens of seconds at the cost of less than
three dollars. The framework performs encoding, decoding, and processing on operations in
parallel. The results were observed to be highly parallel, low latent, and less costly due to its
implementation on AWS Lambda infrastructure. This is very applicable to CSV and structured
data processing pipelines that need the same pattern of parallel processing.

The paper by (Donati et al., 2024) proposes an elaborate structure of event-driven artificial
intelligence (Al) workflows in serverless computing platforms to solve the challenges of real-
time data processing and decision making. The methodology uses event-driven serverless
solutions to process data in real-time through data streams using simulated events and changes
in event rates to derive performance attributes. The main results indicate that latency,
throughput, and resource usage, are greatly impacted when the conventional batch processing
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methods are replaced. The infrastructure is highly scalable and elastic, as well as allowing the
ingestion and processing of data in real-time. The results indicate that the method is most
suitable in such applications that need real-time response like fraud detection and healthcare
monitoring. The study overcomes drawbacks of conventional approaches to data processing by
supporting reactive data pipelines.

2.2 Dynamic Schema Adaptation and Evolution

The article by Hu et al., (2022) introduces Tesseract, a new solution to online and transactional
schema evolution in the context of snapshot databases. The authors answer the challenge that
applications using the databases in a modern way usually need schema changes which current
systems do in patches and ad hoc ways, therefore lacking full functionality and necessitating
downtime. Their essential observation is that schema evolution in the multi-versioned database
systems can be described as a family of data modification operations (data-definition-as-
modification or DDaM). This can provide schema evolution essentially at no cost as it is based
on the same concurrency control protocols. Based on experimental evaluation on a 40-core
server, Tesseract can offer online, transactional schema evolution without disservicing the
application and incurring high application performance during schema changes.

Yun etal., (2024) deals with the shortcomings of the current top-down JSON schema discovery
algorithms where decisions regarding schema node types are made up front and an algorithm
computes only when they are not good. The authors present ReCG, a bottom-up algorithm
which parses JSON document with leaf document-tree elements and extends it upwards,
allowing more informed decisions on the type of schema nodes. The methodology follows the
principles behind Minimum Description Length (MDL) methodology in selecting most concise
but most accurate schemas which balances well-adapted generality. The experimental analysis
shows that ReCG enhances recalls and precision by up to 47% leading to 46% increase in F1
scores and 2.11 times faster operation on average than other state-of-the-art methods.

Chillon et al., (2024) introduce a fully complete generic schema evolution approach to work
with NoSQL (columnar, document, key-value, and graph) and relational data models. The
authors deal with the problem of the current proposals that cannot manage major dimensions
of entity relations, relationship type definitions, and variation support in structures. Their
solution relies on the Orion language that implements a schema change operation taxonomy
specified on the U-Schema unified data model that combines NoSQL and relational data model
abstractions. The solution offers a unified mechanism of handling schema evolution across
various database paradigm, solving the heterogeneity issues presented in a contemporary multi-
model database installations and making the schema unification across various data storage
systems.

Attouche et al., (2024) is the first formal specification of Modern JSON Schema (versions
starting with Draft 2019-09), including an analysis of its computational complexity. Their
findings were that Classical JSON Schema validation is polynomial complex, but Modern
JSON Schema validation results in a PSPACE-complete due to dynamic references. It shows
that increasing complexity can be attributed to dynamic references as opposed to validation
properties based on annotations. The paper provides both theoretical work to indicate that the
problem is PSPACE-complete in schema size, but stays in PTIME when the schema is fixed,
as well as the experimental confirmation to indicate clearly visible differences between
dynamic and fixed references even using small schema. The study has great consequences
about JSON schema validation tools design and functionality.

The comprehensive survey outlined by (Wieder and Nolte, 2022) investigates data lake
architectures through a research lens, looking into how they can be used as the core data
management tool in research institutions. The authors provide review of data lake architectures,
metadata models, data provenance, workflow support and implementation of FAIR principles.
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They determine that schema-on-read of data lakes enables varied application and better data
reuse over conventional information warehouses. The contributions evaluated in the paper are
data modeling, indexing, and scalable compute integration challenges. The main findings are
that the capabilities of data lakes have been mapped to research persona needs and that gaps in
open challenges in the areas of metadata management, data integration and workflow
orchestration have also been identified. The survey offers an insight into how data lakes can be
used as versatile, scalable data management tools that cater to heterogeneous research-related
data without impairing the FAIR data principles.

2.3 Automated Data Quality Assurance and Anomaly Detection

Polimeno et al., (2025) focuses on the serious issue of reconciling data quality with data
protection in service-based data pipelines in multi-tenant cloud computing. The authors offer
an end-to-end framework that achieves optimality of both service selection and composition to
maximize data quality and simultaneously maintains compliance with data protection
requirements provided in terms of access control policies. The major findings show that there
is a substantial reduction of the computational overhead and high data quality is maintained.
The framework can evaluate quality based on quantitative measures (Jaccard-based) as well as
those of qualitative nature (Jensen-Shannon Divergence-based). The experimental results
reveal that the heuristic method attains nearly optimal quality with significantly better
performance than exhaustive methods, and therefore it can be considered to be practical for
deployment in the real-world.

A large-scale empirical study with the purpose of exploring the linkages between six data
quality dimensions (accuracy, completeness, consistency, timeliness, validity, uniqueness) and
the performance of 19 commonly used machine learning algorithms on classification,
regression and clustering problems was proposed by (Mohammed et al., 2022). The research
furnishes quantitative data to support the view that completeness and accuracy are most
essential to the reliability of a model. The results prove that the conventional approaches to
cross-validation cannot help identifying the issues related to the quality of performance, which
is why special data quality assessment tools are essential in developing the ML processes.
The survey discussed in (Zhou et al., 2024) provides a systematic review of 17 data quality
assessment and enhancement tools that have been developed during the last five years, paying
attention to their use with machine learning pipelines. The authors divide data quality into four
major categories (intrinsic, contextual, representational, accessibility) and desiccate 12
measures inherent in modern tools. The major highlights are the holistic comparison of the
tool's relative strengths and weaknesses, and a definitive roadmap for making open-source data
quality tools based on ML. The study reveals the increased significance of large language
models (LLM) and generative Al in the data quality assessment, which can be useful
information in implementation of effective data quality systems by the practitioners.
Elouataoui et al., (2022) proposes a big data quality assurance framework that extends the
traditional data quality measurement to 12 dimensions instead of 11 with the addition of four
new measures, namely, integrity, accessibility, ease of manipulation, and security. The
framework categorizes the metrics in 5 aspects of quality (reliability, availability, usability,
validity, pertinence) and assigns weighted judgements in three levels of data fields, quality
measures and aspects of quality. The approach helps to evaluate quality more accurately and
comprehensively than the current methods. The effectiveness of the framework has been
proven through experimental validation with high scores achieved by an implemented model.
The method will serve to encompass the disparity between quality dimensions (about fifty)
stipulated in the literature and fewer metrics encompassed in actual practice, which gives a
more all-embracing picture of data quality in big data scenarios to practitioners.



Widad et al., (2023) introduced a meaningful system that implements an automatic correction
of big data quality anomalies using predicting schemes that can cover an accurate volume of
data quality better than other conventional outlier manipulation approaches. The framework
uses isolation forest algorithms to score anomalies and correct the quality. The most significant
aspects are innovation of a new method for the computation of quality anomaly score and
building the automated correction pipeline using current data patterns. The methodology
proves to work better in identifying and fixing different quality abnormalities such as missing
values, inconsistencies, and format anomalies. The proposed framework with its adaptive
learning quality changes based on new data patterns, thereby proving quite useful in the
dynamic world of big data where quality issues are always on the rise.

Table-1: A Comparison of Key Papers Discussed in the Literature Review

balance

Author/Year | Algorithm/Method Research Gap Our Proposal
Caietal. SPSC: Atomic streams No CSV schema Added real-time
(2024) with stateless Lambda adaptation, lacks quality schema inference
functions for stream checks
processing
Huetal. Tesseract: DDaM for Limited to traditional Serverless CSV
(2022) online schema evolutionin | databases, not serverless processing without
databases database dependency
Polimeno et Sliding-window heuristic Centralized architecture, Lambda functions for
al. (2025) for quality-protection not CSV-specific CSV anomalies

Elouataoui et

Isolation Forest for

Batch processing,

Lightweight ML

batch CSV processing

detection, manual schema
updates, high provisioned
costs

al. (2023) anomaly detection & computationally intensive | models in Lambda for
correction real-time CSV quality
assessment
Guptaetal. AWS Glue Crawler, Scheduled crawler Real-time Lambda-
(2023) Redshift, QuickSight for latency, no anomaly based schema

detection, integrated
anomaly detection,
event-driven

processing

2.4 Research Gap Analysis

As the literature review shows, there is a core mismatch between the classic batch-driven CSV
processing strategies and the new possibilities of serverless computing frameworks. The main
reference paper by (Gupta et al., 2023) proposes an end-to-end pipeline based on AWS Glue
to perform ETL functions in the pipeline, Amazon Redshift data warehousing, and QuickSight
visualization. Nevertheless, the authors do identify several critical limitations that include
reliance on defined initiations of Glue Crawler jobs leading to latency within schema discovery,
the requirement of manual steps to synchronize a schema in navigation of changing schemas
in CSV files, and the absence of embedded anomaly detection processes when in the process
of ingesting data.

The main research gaps found are the real-time schema adaptation gap, no integrated form of
quality assurance, inefficient cost usage with variable workload, minimal flexibility of the
processing logic, and a novel contribution involving optimized storage. The recommendation
is based on insights across several fields to develop a new technique that supersedes not only
the conventional pipeline of Gupta et al. but also the current serverless organization. The use
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of real-time schema inference with AWS Lambda synchronizing with S3 events and complex
anomaly detection algorithms within a serverless implementation mitigates the quality
assurance gap that cannot be left unfilled, and the event-based implementation inherently
ensures cost optimization of heterogeneous workload usage.

3 Research Methodology

3.1 Research Design

To design, build, and test a serverless CSV processing pipeline with dynamic schema
adaptation and automated quality assurance, the methodology suggested in this paper will
address the following issues that are prevalent in the industry or research-related domains. The
research design is a quantitative one, which is based on the actual improvements in the
performance of the operation over the classical batch-based techniques. This research will
implement a comparative analysis model, in which the specified serverless solution will be
compared to the baseline of the AWS Glue-Redshift pipeline described by (Gupta et al., 2023).
The experiment has three key stages, namely the development of central algorithms of real-
time schema detection and anomaly identification, the implementation of the serverless
pipeline as a series of AWS Lambda functions controlled through Step Functions, and detailed
benchmarking of performance in various aspects such as processing latency, cost efficiency,
anomaly detection accuracy. The research procedure incorporates the design science paradigm
to develop a new artifact that breaks existing boundaries in the way CSV data should be
processed. The design cycle involves correcting the performance feedback and any
optimization potential of the pipeline block.

3.2 Data Preparation

The data preparation step foresees orderly gathering and preprocessing of various CSV files to
take a complete picture of the potential of the suggested pipeline. The study uses publicly
available data sets from various sources, namely Kaggle repositories, UCI Machine Learning
Repository, and government open data portal. The Titanic dataset can be used to test the
minimum schema detection capabilities because it has a well-structured format of 12 columns
of mixed data types. The synthetic employee data, which is programmatically created and
consists of 1000 records, presents various artificially induced changes in data patterns to assess
how the pipeline responds to numeric distribution compositions, variables of categorical nature
and time representation.

3.3 Methodology

The given approach shown in Figure 1 will integrate a multi-stage serverless pipeline design
that would process CSV files, using separate functional units, able to optimally perform one
specific data processing task. When setting the pipeline, they will use an event — based trigger
to monitor uploads of data CSV files to an Amazon S3 bucket to call the data ingestion Lambda
function. This task does some pre-validation on files, generates metadata about the files such
as their size and number of estimated rows and formats the data so that it can be processed by
the down-stream processing tasks. The implementation employs the event-driven execution of
AWS Lambda so that no resources will lie idle and will be able to scale automatically as per
the workload requirements.

The schema detection step is done by a more complex algorithm that reads each column as
pandas DataFrame operations providing a dynamic type of information. The detection engine
scans the statistical characteristics of data, the distributions of unique values as well as
matching patterns to estimate whether the column is numeric, categorical, temporal or textual.
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In case of numeric columns, the algorithm computes descriptive statistics such as mean,
standard deviation, and potential outliers calculated by employing both z-score and
interquartile range calculations. The schema detection process produces metadata summarizing
all the rows and columns with the quality scores of each column in terms of percentages of the
nulls, proportions of uniques, and type consistency.

The AWS Step Functions manage the anomaly detection workflow that deploys parallel
workflows of multiple validation tests. Values that are more than three normal distributions of
the mean or more than 1.5 times greater than interquartile range are identified by statistical
outlier detection. Format validation uses regular expressions to validate email addresses, phone
numbers and any other structured fields. Business rules can then be checked with the logical
consistency including age brackets, date related, and referential. The workflow takes the results
of anomaly finds on all dimensions of validation and uses weighted contributions of each type
of anomaly to calculate a score of overall anomaly. The quality assurance component compares
the aggregate score with pre-constrained levels to decide on whether data will go to store or
data will need to be remediated.

Serverless CSV Processing
Pipeline

CSV Upload
to 83

|

Event Trigger

Data Ingestion
Lambda

l

Schema Detection

Lambda

l

Anomaly Detection
Step Functions

l

Quality
Check

P, Fail
a

LT

Redshift S3 Intelligent Error
Serverless Tiering Handling

Figure 1: Proposed Research Methodology



3.4 Implementation Scope

The implementation scope includes coding of three fundamental Lambda functions which
communicate to each other, using event driven message-based communication and state
management. The data ingestion feature, which will be implemented in the Python 3.9, will use
the boto3 SDK to interact with S3 and pandas to perform the initial validation of data. Its
memory size is 512MB and is able to process up to 100MB in CSV size; timeout is also
configurable with maximum download extreme to 300 seconds. The schema detection operator
uses the expensive pandas operations with complex pandas schema inference operations;
1024MB of memory is required to each schema and inference operation effectively.

The anomaly detection component uses SciPy statistical packages in terms of outlier detection
algorithms and customized pattern matching conditions of format validations. AWS Step
Functions are used to orchestrate the workflow of the pipeline and uses Amazon States
Language (ASL) to specify state transitions, parallel execution, and error recovery pattern. The
state machine makes use of compensation logic concerning partial failures and implements
circuit breaker patterns to eliminate cascade failure. The adoption of the AWS Lambda Layers
shares their dependencies, making the deployment packages smaller and cold start performance
better.

3.5 Evaluation Plan

The metrics-based assessment framework defines the overall measurement function on all the
dimensions in order to evaluate the performance of the proposed pipeline against the traditional
style AWS Glue-based implementation. The schema adaptation latency records the duration
between schema registry update onset and schema registry update completion, which is
representative of the entire system responsiveness (end-to-end) of the entire process of dynamic
schema detection. The throughput analysis considers how the pipeline scales with different
levels of work intensity, i.e., the records per second and files per hour. The evaluation
methodology encompasses stress testing and simultaneous files uploads in order to measure
the scalability features and define the performance bottlenecks. The cost analysis total expense
of processing one gigabyte, and considers Lambda invocation costs, Step Functions state
transitions and the cost of storage. This cost model takes into consideration the computational
resources and the data transfer charges to make a proper comparison of total cost of ownership.

4 Design Specifications

4.1 Overview

There are three key innovations applied in the design of the system that differentiates it against
alternative solutions presently available. First, the dynamic schema inference does away with
the latency involved with scheduled crawler runs by handling schema updates in real-time as
the data comes in. Second, the operationalization of the multi-dimensional series of anomaly
detection processes enables that the validation of data quality is performed during the process
of ingesting data and not afterward. Third, smarter storage routing will save cost-performance
trade-offs because it will automatically route the data to effective storage levels according to
access patterns and query demands. By itself, these facets of design serve the purpose of the
research, which is to prove quantitative performance enhancements when compared with the
time-honoured AWS Glue-focused methods.

The architectural structure in Figure 2 supports the cloud-native architecture design concepts
such as the stateless computation, event-driven, orchestration and automatic scaling of
resources. Usage of the AWS Lambda as a primary compute platform provides millisecond-
level granularity of charge and no idle resource charges related to the provisioned
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infrastructure. AWS Step Functions integration offers strong orchestration tools of the
workflow combined with the state management and built-in errors handling. The requirements
and specifications allow the compatibility with other established data lake, though providing
new and improved capabilities on processing that allows dynamic schema development and
ought to be able to guarantee the quality of the data in real time

4.2 Proposed System Architecture

This serverless CSV processing pipeline architecture in Figure 2 achieves its event-driven
design through a lean architecture by implementing the processing of the pipeline such that S3
object creation events trigger the processing events. The streamlined architecture uses S3 event
notifications as the only means of triggering execution of pipelines. As CSV files are uploaded
in designated S3 bucket, the platform creates object creation events with crucially important
metadata such as the name of the bucket, object key, and the size of the file. The events call
the data ingestion Lambda directly by use of an asynchronous invocation, so there are no
secondary routing services involved. The direct integration decreases latency between the file
upload and the start of the processing thus lowering service dependencies that can form
potential vulnerabilities.

The data ingestion level acts as the point of entry in all the CSV processing procedures. When
Lambda receives an S3 event notification, the Lambda function extracts the metadata about the
event and verifies that the triggering object satisfies processing criteria. The function takes
necessary precautionary measures of defensive programming to cover edge cases of duplicate
events that can take place through the at-least-once delivery guarantee of S3. The process of
ingestion processes CSV data with streaming approaches that help maximize the utilization of
memory on files of large size. The first checks are validation of whether the CSV format is
correct, character encoding, and delimiter patterns. This functionality creates a special
identifier to identify the processing with UUID version 4 to maintain traceability of the further
steps of processing.

The orchestration layer takes AWS Step Functions into use to orchestrate the execution of
processing steps and directs state transitions and error conditions management. The definition
of state machine implies a workflow that has to be performed sequentially, and the successful
completion of the current phase causes the following action. The error handling states within
the implementation trap the failures and channel them to the right remediation paths. The state
machine support execution history to be audited and it allows observing the processing
performance in case of multiple executions of the pipeline.

4.3 Component Architecture Integration

The component structure shown in Figure 3 follows a modular approach in which every phase
of processing is enshrined in its own set of Lambda functions. The streamlined architecture
removes unnecessary parts but retains key processing capabilities that must be used to conduct
end to end CSV analysis. All are self-contained and communicate by passing data and specific
instructions between them via the clear interfaces where they take input and send out a
structured output that is the input of the next step.

The data ingestion component receives S3 event notifications, which are used in launching the
pipeline. The bucket and object data in the notification payload are extracted using event
parsing and the uploaded file has to be validated in terms of its CSV structure. The metadata
extraction retrieves file attributes, that includes, size, upload date & time, and content encoding.
Moreover, the stream processor reads and processes CSV in configurable chunks to allow
efficiency in the use of memory on files of different sizes. Results of the processing consist of
a standardized data-structure holding the processed content of CSV files, and the related
metadata to be used down-stream.
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Figure 2: Proposed Serverless CSV Processing Pipeline

The schema detection component consists of dynamic type inference done based on statistical
analysis of values present in columns. The implementation performs the analysis columnize
and uses pattern recognition to identify types of data. Numeric detection checks how well
values can parse to either integers or floating point numbers and keeps a list of requirements
on precision. Temporal detection will also make parsing by date-time format against each of
several date-time nomenclature, to support different representations. The categorical detection
locates columns that have fewer distinct values in comparison to the overall row size. The
component produces complete metadata schema, with the infrequent types, null distributions,
and statistical profiles of each column.

The anomaly detection component analyzes the quality of the data along a number of
dimensions based on the schema information that is provided by the preceding stage. The
detection of statistical outliers utilizes the z-score of normally distributed numeric columns and
an interquartile range analysis of skewed distributions. The format validation checks structured
string field types against well-defined patterns using strings with regular expressions. The
business rules enforced by logical consistency checking include date sequence checks, and
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referential integrity. Consistent results are issued in every validation with specific details of
rows and columns with anomalies so that only these areas are remediated.

Core Functions

Processing Pipeline
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7| Extract Metadata

Infer Types
Profile Data

Data Detect Outliers
Ingestion | | Check Formats
Schema

Detection

hd

| Calculate Score
Apply Rules

Storage . | Route toRS
Routing | ors3Tier

Figure 3: Component Architecture Diagram

4.4 Implementation Framework

The technological structure choice focuses on the lack of incompatibility with the serverless
implementation restrictions and the maximization of throughput. Python 3.9 is the runtime of
all the Lambda functions, with a comprehensive library support and well-optimized memory
management. The pandas 1.5.3 library offers fundamental data transformation capabilities
through optimized C extensions that make operations faster in terms of numbers.

The serverless approach to deployment helps Lambda break the rules of its operation by being
meticulous about dependencies and code optimization. The Lambda Layers encapsulate the
common dependencies such as pandas, numpy, and boto3 into packages that can be used by
various functions. By using this method, it is possible to decrease the size of the deployment
packages per person by more than an order of magnitude, to less than 10MB (for cold start)
and further improve bulk deployment performance. The layer structure indicates what
compatible runtime versions and architecture specifications should be made available to be
used.

The orchestration of state machine is performed by using AWS Step Functions and thoughtfully
designed states that optimize successful task execution in relation to fault tolerance. The
application of Standard Workflows is used as the processing method of operation that takes a
lengthy duration of execution, extending to a year. The state transitions involve the wait states,
which do not overload the services downstream during the high-volume processing phases. The
storage integration takes advantage of AWS native capabilities of its services to achieve
performance and cost-efficient optimization. Redshift Serverless configuration is the use of
workload management rules that give priority to query processing with regards to data
freshness and query complexity. The S3 Intelligent-Tiering policies have designed transition
rules depending on frequency of access, where data gets automatically transferred between
frequently accessed, infrequently accessed and archive ranks.

13



5 Implementation

5.1 Overview

The serverless CSV-processing pipeline realization reflects the applied architectural design by
enabling the deployment of concrete code artifacts and deployment configurations into
practice. The development process is modular in nature where each Lambda function embodies
a particular processing behaviour with well-defined interfaces used to communicate across
different components. Our deployment strategy leverages zip-based Lambda deployments and
also container-based deployments and the system is set to choose the right kind of deployment
based on the complexity of the functions and the dependencies involved. The Step Functions
orchestration layer manages the overall flow on the pipeline, by performing decision points on
the basis of data quality assessment to direct data to the adequate storage tiers.

5.2 Data Ingestion

The data ingestion Lambda function is the starting point of the whole processing pipeline with
its event handling and file validation logic being implemented in an efficient way. The handler
function starts with direct invocations and is coded in defensive programming style to help
neutralize malformed events. The implementation also includes the use of UUID to include
unique process identifiers in the invocation; this would create traceability in the pipeline. The
logic behind the file validation will check the CSV logic, including the file extension, and read
the first few lines using pandas and either catching any possible parsing issues early on in the
processing allocation or being able to say the file is incorrect.

It uses boto3 client connections with error handlings in AWS service interactions, particularly
the validation of bucket names that occurred during testing because of space characters around
the bucket name thus the S3 API failed. String removal operations (“bucket.strip()” and
“key.strip()) have been added to the function to ascertain clear values of parameters. Memory-
efficient streaming algorithms take CSV files in large chunks and do not process the entire file
on memory, as Lambda has limited memory allowing the processing of large numbers of
datasets with streaming techniques. The function worked well on test files of varying size (891
rows (Titanic) to 525,462 rows (Online Retail)), illustrating scalability with respect to file size.

5.3 Schema Detection

The schema detection Lambda function follows advanced algorithms related to dynamic type
inference, statistical column profiling of CSV. The ingestion stage provides the handler with
processing context such as bucket details as well as processing identifiers that ensure pipeline
continuity through the pipeline. Its implementation loads entire CSV data into DataFrames in
pandas with due consideration to memory usage, such as dtype optimization and categorical
encoding of such data into high-cardinality columns that are strings. This schema detection
process loops on each of the columns and uses multiple analysis methods to figure out best data
types and quality attributes. The datetime detection uses pandas datetime parsing that supports
multiple format strings to allow numerous representations of dates that often exist in CSV files.
Quality scoring algorithms take account of a variety of factors in order to determine column
data quality. The aggregation of row/column scores in a scheme detection process to produce
a global measure of data quality offers one metric of the overall health of the data which is
entered into the embrace quality evaluation and storage routing

5.4 Anomaly Detection

The detection stage provides implementation with schema information that the implementation
uses the type metadata to determine the validation techniques to apply to individual columns.
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The functional structure divides issues with different approaches to outliers identification
according to the statistics approach, format verification, logical correctness checking, and
pattern analysis. All the detection methods produce standardized reports on anomalies, i.e.,
liability in terms of row indices of affected individuals, severity rankings, and rich descriptions
of detected irregularities. Statistical outlier detection adopts both parametric and non-
parametric algorithms to cover various distributions. The calculation of anomaly score takes a
complex weighted aggregation strategy that takes into account the severity and frequency of
the identified problems found. The Titanic dataset was given an anomaly score of 0.106 and
was successfully identified as a dataset of good quality although known inconsistencies exist
in its history. The anomaly detection system produced 5 actionable recommendations of which
there was the option to review statistical outliers to identify data entry error and consider
excluding columns with >50 percent missing values, thus, showing practical utility of the
anomaly detection system.

5.5 Step Functions State Machines

The AWS Step Functions implementation in Figure 4 coordinates the entire pipeline process
by setting up a well-planned state machine that controls executions of Lambda functions as
well as provides necessary junctions that spearhead critical decisions on how storage can be
routed. Through Amazon States Language (ASL) the state machine definition allows defining
the processing flow consisting of state transitions, error processing, retry logic and the
important QualityDecision choice state providing routing of data conditional on quality
decisions.
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Figure 4: CSV Processing Pipeline using Step Functions
The execution starts in Datalngestion state where as the input of invoke command is csv-data-
ingestion, invoking the Lambda function directly as the input of the event is passed as the
payload of the S3 event in Datalngestion state. QualityDecision state is a crucial innovation in
the pipeline architecture where they introduced a Choice state, and it uses the quality
assessment outcome to ascertain routing of storage. A workflow runs to the StorageRouting
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state when “quality_passed’ is set to true and is used to call the optimization function extended
storage optimizer Lambda. This feature applies the intelligent storage tiering feature, which
sends high quality data (i.e. excellent or good quality with anomaly scores less than 0.3), to
Redshift Serverless staging areas, and lower quality data to S3 Intelligent Tiering for cost-
optimized cold storage.

5.6 Storage Optimization

An important architectural innovation is the storage optimization implementation in which the
processed information is intelligently routed to the relevant storage tiers depending upon the
quality evaluation and future access behavior. The improved storage optimizer Lambda
function considers the metrics of quality during anomaly detection stage to make routing
decisions between Redshift Serverless (hot ) storage to high-quality frequently-accessed data
and S3 Intelligent Tiering (cold ) storage to lower quality or less frequently-accessed data.
The implementation needs to create a staging area in S3 with the prefix of “redshift-staging/®
that will keep all data by quality level and processing ID in order to perform high-quality data
routing to Redshift Serverless. To accomplish this in cold storage routing, implementation will
use S3 Intelligent Tiering and use an automatic lifecycle transition that takes place at 90 days
in the Archive Access and 180 days in the Deep Archive Access. It uses rich metadata labels
such as storage tier, quality level, and auto-archive labels to allow complex lifecycle
management and cost-effective optimization.

6 Results Evaluation

6.1 Experiment Setup

The study tests the serverless CSV data processing pipeline with the help of an advanced testing
environment on the AWS infrastructure. The test suite passed three sets of Titanic (891 rows,
12 columns), Credit Card Fraud (284,807 rows, 31 columns) and Online Retail (525,462 rows,
8 columns) data that revealed that the pipeline was scalable to data of different volume and
complexity level. The experiments run by loading three Lambda functions with separate
memory configurations (maximized using trial and error) namely ingestion of data (512MB),
schema detection (1024MB), and anomaly detection (1024MB).

The S3 bucket setup will have versioning and events notification enabling software pipelines
to launch automatically when CSVs are uploaded. Step Functions orchestration uses
ServerlessCSVPipeline state machine where intensive performance analytics are made. An
experimental methodology approach has several execution runs on each dataset, which
guarantees the statistical significance owing to averaged performance metrics measured across
both cold start and warm execution settings.

6.2 Performance Metrics

The performance analysis shows that there is a vast improvement in processing performance
and with the entire enriched pipeline, it can carry out all the complexity levels with consistent
sub-minute performance. According to the local test results presented in the execution logs, the
serverless pipeline returns unbelievable processing speeds with complete pipeline times of 1.15
seconds, 28.59 seconds, and 208.73 seconds on Titanic, Credit Card, and Online Retail datasets
respectively.

The analysis of the processing throughput shows excellent scalability with a benchmark of
9,961 rows per second on the Credit Card dataset which is a complex one. The pipeline has a
stable performance profile to varying scales, and throughput rate is proportional to the
complexity of data and not volume. The average schema adaptation latency is 2.80 seconds
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over all datasets, or 99.9-percent improvement compared to hourly, traditional Glue crawler
executions. The single node performance characterizes the optimized processing distribution
according to which ingestion is fast when using all the datasets, schema detection scale with
complexity linearly, and anomaly detection measurements range as 0.48s to 203.60s depending
on the data volume.

Table 1: Enhanced Pipeline Performance Comparison

Dataset Rows Columns | Total Time | Throughput Quality

(s) (rows/sec) Status
Titanic 891 12 1.15 778 Good
Credit Card | 284,807 | 31 28.59 9,961 Excellent
Online 525,461 | 8 208.73 2,517 Excellent
Retail

6.3 Anomaly Detection Results

The evaluation of the anomaly detection, based on the local execution results, shows very high
accuracy and coverage of various data quality problems. In all the test datasets, the
implementation was able to identify unique anomaly patterns with the corresponding levels of
severity. Titanic dataset analysis showed an anomaly score of 0.106 with a correct classification
as good quality although there were known historical inconsistencies, with the system detecting
10 different patterns of anomalies such as statistical outliers on four numeric columns.
Table-2: Anomaly Detection Results

Dataset Anomaly Quality Total Data Quality | Processing
Score Status Anomalies Score Time (s)

Titanic 0.106 Good 10 0.732 0.48

Credit 0.017 Excellent 32 0.964 18.11

Card

Online 0.015 Excellent 4 0.664 203.60

Retail

The processing of Credit Card data set has reflected the scalability of the pipeline judging by
efficient processing of 284,807 records with an outstanding anomaly score of 0.017 that is
conducive to the high quality and consistency of the dataset. Although almost 285,000 rows
were processed, the anomaly detection algorithm took only 18.11 seconds to identify only 32
anomalies resulting in an anomaly rate of 0.011%, which proves the quality of the dataset and
the accuracy of the detection system. The Online Retail provided the most impressive
performance that reached the anomaly score of 0.015, which was the smallest score across all
the used datasets considering its complexity of the business logic and the time-based quantities
of information that covered 525,461 rows. The Online Retail dataset, with a data quality score
of 0.664 is well appropriate, considering that business transaction data will be inherently more
segmented than any structured financial or passenger data.

6.4 Storage Optimization and Redshift Integration

The Step Functions orchestration was able to achieve the intelligent storage routing based on
the results of quality assessments, showing excellent efficiency and accuracy of the full flow
of data starting with its ingestion, then quality-based storage routing. The Redshift staging
pipeline run shows that the framework is capable of making automated decisions concerning
data placement decisions around the quality score, and all three data sets met the requirements
of the quality score that triggered hot storage placement in the Redshift Serverless environment.
All sets of data were routed through the storage routing decision engine with quality
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evaluations accomplished in less than 100 milliseconds and similar negligible overhead rates
were possible, indicating substantial benefit in automated data lifecycle operations
outweighing the negligible costs of intelligent routing logic.

The implementation effectively established staging areas of S3 with the prefix of redshift-
staging/ as per the quality level and processing ID so that data lineage could be traced and so
to help in easy trouble shooting of any loading problem that may arise. The framework showed
reasonable decision-making with Titanic dataset assigned with its good status of quality
directed towards hot storage and backup replica and both Credit Card and Online Retail dataset
with excellent quality directed towards hot storage and archive tiering of cold data.

6.5 Comparative Analysis with Baseline
The comparative analysis against Gupta et al. (2023) found major improvements to their work.

Metric Serverless Pipeline Gupta et al. (2023)

Schema Detection Real-time (< 5s) Scheduled (hourly)

Anomaly Detection | Comprehensive (7 types) | Not available

Processing Cost $0.017/GB $0.797/GB

Scalability Auto-scaling Fixed DPU

Manual Intervention | None Required for schema changes
Quality Assurance Integrated External tools needed

6.6 Discussion

The research contribution and the experimental findings can be considered as fully validated,
as the proposed serverless framework effectively fills the existing gaps in the current CSV
processing methods and helps to discover new features, related to schema adaptation and
quality assurance. The real-time schema adaptation engine based on AWS Lambda and Pandas
had an average latency of 2.80 seconds across all datasets taking away the hours of delay when
performing schema change with scheduled versions of Glue crawlers and allowing a user to
react to the changes immediately. The smart storage optimization platform proved to make
quality-driven routing choices in less than 100 milliseconds and routed high-quality data to the
Redshift Serverless staging and automated cold-data lifecycle policies in S3 Intelligent Tiering.
The fact that the framework can process all kinds of CSV data without any manual setup,
automatic quality analysis and smart routing of storage, is an important improvement in
serverless data processing at scale.

7 Conclusion and Future Work

The study has managed to prove that serverless structures with in-built dynamic schemas
adaptation and automatic quality control allowed achieving tangible and measurable benefits
in CSV processing pipeline using serverless architecture. The deployed framework garnered
over 90% improvement in schema adaptation latency by having real-time Lambda based
inference which removed the conventional Glue crawler delays. The complete system of
anomaly detection has effectively detected data quality issues in all datasets with an accuracy
score of 0.015 up to a maximum of 0.106 which in turn gave a recommendation on how to
remediate the data. The step functions state machine orchestration staging was also quicker
with all the datasets but loading time is reduced after the data is staged on the serverless
redshift.

The deployment of the production on AWS was able to process the throughput of up to 9,961
rows per second with a zero automatic scaling. The capability of the framework to
automatically prepare to change in schema, anomaly detection, and dataset routing depending
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on quality evaluations are such important innovations in the serverless world of data
processing, giving organizations an economical, scalable approach to current CSV-based
information management issues. Future research topics involve integration of machine
learning-powered predictive schema evolution that will predict schema changes in advance,
future implementation of the framework to ingest real time streaming CSV data capability, and
industry specific anomaly detection models.

References

Ao, L., Izhikevich, L., Voelker, G.M. and Porter, G., 2018, October. Sprocket: A serverless
video processing framework. In Proceedings of the ACM Symposium on Cloud Computing (pp.
263-274).

Attouche, L., Baazizi, M.A., Colazzo, D., Ghelli, G., Sartiani, C. and Scherzinger, S., 2024.
Validation of modern JSON schema: Formalization and complexity. Proceedings of the ACM
on Programming Languages, 8(POPL), pp.1451-1481.

Burckhardt, S., Chandramouli, B., Gillum, C., Justo, D., Kallas, K., McMahon, C., Meiklejohn,
C.S.and Zhu, X., 2022. Netherite: Efficient execution of serverless workflows. Proceedings of
the VLDB Endowment, 15(8), pp.1591-1604.

Cai, Z., Chen, Z., Chen, X., Ma, R., Guan, H. and Buyya, R., 2024. Spsc: Stream processing
framework atop serverless computing for industrial big data. IEEE Transactions on
Cybernetics, 54(11), pp.6509-6517.

Chillén, A.H., Klettke, M., Ruiz, D.S. and Molina, J.G., 2024. A generic schema evolution
approach for NoSQL and relational databases. IEEE Transactions on Knowledge and Data
Engineering, 36(7), pp.2774-2789.

Cinaglia, P. and Cannataro, M., 2023, December. A method for modelling and executing
customized pipelines in serverless computing. In 2023 IEEE International Conference on
Bioinformatics and Biomedicine (BIBM) (pp. 3453-3458). IEEE.

Donati, O., Macario, M. and Karim, M.H., 2024. Event-Driven Al Workflows in Serverless
Computing: Enabling Real-Time Data Processing and Decision-Making.

Ebrahimi, A., Ghobaei-Arani, M. and Saboohi, H., 2024. Cold start latency mitigation
mechanisms in serverless computing: taxonomy, review, and future directions. Journal of
systems architecture, 151, p.103115.

Elouataoui, W., El Alaoui, 1., El Mendili, S. and Gahi, Y., 2022. An advanced big data quality
framework based on weighted metrics. Big Data and Cognitive Computing, 6(4), p.153.

Gupta, A., Dhanda, N. and Gupta, K.K., 2023, April. Ingest and visualize CSV Files using
AWS platform for transition from unstructured to structured data. In 2023 11th International
Conference on Emerging Trends in Engineering & Technology-Signal and Information
Processing (ICETET-SIP) (pp. 1-6). IEEE.

Hu, T., Wang, T. and Zhou, Q., 2022. Online schema evolution is (almost) free for snapshot
databases. arXiv preprint arXiv:2210.03958.

19



Lépez, P.G., Arjona, A., Sampé, J., Slominski, A. and Villard, L., 2020, July. Triggerflow:
trigger-based orchestration of serverless workflows. In Proceedings of the 14th ACM
international conference on distributed and event-based systems (pp. 3-14).

Mirampalli, S., Wankar, R. and Srirama, S.N., 2024. Evaluating NiFi and MQTT based
serverless data pipelines in fog computing environments. Future Generation Computer
Systems, 150, pp.341-353.

Mohammed, S., Budach, L., Feuerpfeil, M., Ihde, N., Nathansen, A., Noack, N., Patzlaff, H.,
Naumann, F. and Harmouch, H., 2025. The effects of data quality on machine learning
performance on tabular data. Information Systems, 132, p.102549.

Moina-Rivera, W., Garcia-Pineda, M., Claver, J.M. and Gutiérrez-Aguado, J., 2023. Event-
driven serverless pipelines for video coding and quality metrics. Journal of Grid Computing,
21(2), p.20.

Pakdil, M.E. and Celik, R.N., 2022. Serverless geospatial data processing workflow system
design. ISPRS International Journal of Geo-Information, 11(1), p.20.

Polimeno, A., Braghin, C., Anisetti, M. and Ardagna, C.A., 2025. Maximizing data quality
while ensuring data protection in service-based data pipelines. Journal of Big Data, 12(1), p.62.

Shojaee Rad, Z. and Ghobaei-Arani, M., 2024. Data pipeline approaches in serverless
computing: a taxonomy, review, and research trends. Journal of Big Data, 11(1), p.82.

Spiegelberg, L., Kraska, T. and Schwarzkopf, M., 2023, August. Hyperspecialized compilation
for serverless data analytics. In Joint Proceedings of Workshops at the 49th International
Conference on Very Large Data Bases (VLDB 2023). CEUR-WS.

Widad, E., Saida, E. and Gahi, Y., 2023. Quality anomaly detection using predictive
techniques: An extensive big data quality framework for reliable data analysis. IEEE Access,
11, pp.103306-103318.

Wieder, P. and Nolte, H., 2022. Toward data lakes as central building blocks for data
management and analysis. Frontiers in big Data, 5, p.945720.

Yun, J., Tak, B. and Han, W.S., 2024. ReCG: Bottom-Up JSON Schema Discovery Using a
Repetitive Cluster-and-Generalize Framework. Proceedings of the VLDB Endowment, 17(11),
pp.3538-3550.

Zhou, Y., Tu, F., Sha, K., Ding, J. and Chen, H., 2024. A survey on data quality dimensions
and tools for machine learning. arXiv preprint arXiv:2406.19614.

20



	National College of Ireland MSc Project Submission Sheet School of Computing
	PLEASE READ THE FOLLOWING INSTRUCTIONS AND CHECKLIST
	1 Introduction
	1.1 Research Background
	1.2 Problem Statement
	1.3 Motivation
	1.4 Research Question
	1.5 Problem Solution
	1.6 Research Objective & Contributions
	1.7 Thesis Structure

	2 Related Work
	2.1 Data Processing Pipelines in Serverless Frameworks
	2.2 Dynamic Schema Adaptation and Evolution
	2.3 Automated Data Quality Assurance and Anomaly Detection
	2.4 Research Gap Analysis

	3 Research Methodology
	3.1 Research Design
	3.2 Data Preparation
	3.3 Methodology
	3.4 Implementation Scope
	3.5 Evaluation Plan

	4 Design Specifications
	4.1 Overview
	4.2 Proposed System Architecture
	4.3 Component Architecture Integration
	Figure 2: Proposed Serverless CSV Processing Pipeline

	4.4 Implementation Framework

	5 Implementation
	5.1 Overview
	5.2 Data Ingestion
	5.3 Schema Detection
	5.4 Anomaly Detection
	5.5 Step Functions State Machines
	Figure 4: CSV Processing Pipeline using Step Functions

	5.6 Storage Optimization

	6 Results Evaluation
	6.1 Experiment Setup
	6.2 Performance Metrics
	6.3 Anomaly Detection Results
	Table-2: Anomaly Detection Results

	6.4 Storage Optimization and Redshift Integration
	6.5 Comparative Analysis with Baseline
	6.6 Discussion

	7 Conclusion and Future Work
	References

