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A data Lakehouse architecture merges the best of data lakes and data warehouses to bring numerous 

advantages while working with both structured and unstructured data in modern analytics settings. This 

paper examines how to combine traditional ETL pipelines with cloud-native frameworks for faster, cheaper, 

and more flexible data processing. It discussed ETL workflow evolution over time and also highlighted open 

formats, separating storage-computer architectures, and modern cloud platforms like AWS, Azure, and Google 

Cloud. We demonstrate, by architectural diagrams, case studies, and comparisons, to businesses how they can 

upgrade their data infrastructure without losing the money they have spent. It also discussed how to build an 

enterprise-grade, solid, flexible, and fast data Lakehouse ecosystem and what challenges and trends will emerge 

in the future. 
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1. Introduction 

A. Evolution of Data Architecture: From Data Warehouses to Data Lakes to Lakehouse’s 

Data architecture has changed a lot in the last 20 years. To start with, data warehouses were the best places 

for storing and viewing structured data. Most of the time, these systems were hosted on-premises, featured strict 

rules regarding schemas, with strong data governance and fast SQL queries. However, they were not good to go 

with modern, high-volume, semi-structured, or unstructured data because they featured strict schema 

requirements and were difficult to scale out. Due to this fact, more and more people liked the idea of data lakes. 

Data lakes are places where businesses can store all kinds of raw data. This is because they take advantage of 

cheaper, scalable storage in distributed file systems like HDFS or object storage like Amazon S3.  They asserted that 

data warehouses do not provide much flexibility around size and type of data. However, they did not offer strong 

schema enforcement, governance, or performance consistency. The data Lakehouse architecture represents the 

combination of two different ideas which tries to get the best of both worlds. It adds management tools to the data 

lake flexible storage layer, such as a data warehouse, transactional guarantees, and structured querying. As a 

result, it enabled unified analytics on different kinds of data to be performed quickly and reliably. 

B. Motivation: Why Integrate Traditional ETL with Cloud-Native Frameworks 

However, even with new data platforms gaining momentum, most of the companies still rely on ETL 

pipelines developed during the last decade by using tools like Informatica, Microsoft SSIS, or Talend. Building 

such pipelines requires much time, money, and skill; often, they are mission-critical. Yet, they typically operate in 

batch mode, best with structured data, and are rigidly coupled to static data schemas or on-premise environments. 

Meanwhile, cloud-native frameworks have grown rapidly in adoption for the ease of working with all types of 

data, being able to process them in real time, and gaining more computing power. They want to marry traditional 

ETL with these new cloud-native platforms because they need to make their infrastructure better without losing 

money they've already invested. This integration supports businesses in getting real-time analytics, making their 

systems more scalable, saving money by using serverless computing, and ensuring data operations will be viable. 
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This convergence makes data workflows much more adaptable, which is what enterprises want to accelerate their 

journeys of getting insights faster and continuing to be innovative. 

C. Objective and Scope of the Paper 

The goal of this paper is to review the best way to merge traditional ETL processes with modern cloud-native 

frameworks into the architecture of a data Lakehouse, presenting the whole landscape of technical, architectural, 

and operational issues that need consideration for such integration. It discusses some basic ideas and definitions, 

points to the problems of old systems, and discusses new cloud-native technologies that can contribute to such 

change. The paper teaches how to do it right, giving real-life examples of architectural patterns, strategies of 

migration, and case studies. The scope is supposed to be wide, including data architects, engineers, and decision-

makers responsible for changing how businesses manage their data. The focus of the paper is on public cloud 

services such as Google Cloud, AWS, and Azure but also covers open-source frameworks and hybrid deployments, 

which are hosting some system components on site. 

2. Background and Related Work 

A. Definitions: ETL, ELT, Data Lakes, Data Warehouses, and Lakehouse’s 

Everybody should know what the most important components that comprise data architecture are. "Extract, 

Transform, Load" is the process in which data from different sources is integrated in a sequence. It describes how 

data is extracted from source systems, transformed into a shape to fit the schema of a target, and loaded into a data 

warehouse. ELT is a newer version: Extract, Load, and Transform-which loads raw data into storage first, usually a 

cloud-based data warehouse or lake, before applying changes. This is the utilization of the processing feature of the 

modern platform. If there is proper use of well-defined schemas, then structured relational data, kept in a data 

warehouse, is easily query able. Data lakes are designed to store much unstructured and semi-structured data in its 

raw format. You can read the schema and use different frameworks for working with schema-on-read. The Data 

Lakehouse is a new form of building that combines all features of both a data lake and data warehouse into one. 

Though it includes the rules and transaction features of a data warehouse, it stores data in a far more flexible 

manner as in a data lake. It can support thousands of types of data, is inexpensive to scale, and provides ACID 

transactions, schema enforcement, and fast indexing of data. 

Table 1: Core Definitions & Relative Importance (Modern Analytics) 

Component Contribution / 

Importance (%) 

Short Definition Why it matters 

Data 

Lakehouse 

30% Hybrid architecture that combines the 

flexibility of a data lake with the 

governance, ACID transactions, and 

performance of a data warehouse. 

Offers unified storage, schema 

enforcement, and fast analytics - 

modern default for many cloud-

native platforms. 

Data Lake 22% Large-scale storage for raw, 

unstructured and semi-structured data 

(schema-on-read). 

Cheap, highly scalable storage for 

varied data types and advanced 

analytics (ML, log analytics). 

Data 

Warehouse 

22% Structured, schema-on-write storage 

optimized for fast, authoritative BI and 

SQL analytics. 

Best for governed, high-

performance reporting and 

business intelligence. 

ELT (Extract, 

Load, 

Transform) 

13% Extract data, load raw into target 

(lake/warehouse), then transform using 

the platform’s compute. 

Leverages scalable cloud 

compute; faster time-to-ingest and 

flexible transformations. 

ETL (Extract, 

Transform, 

Load) 

13% Extract data, transform before loading 

into target. 

Traditional approach; good when 

transformations must be enforced 

before storage. 

Total 100% - - 
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B. Limitations of Traditional Architectures 

Older data architectures served well in the past, but unfortunately, they are not very suitable for serving the 

type of data that enterprise needs today. Data warehouses serve well for SQL analytics, but adding new data types 

or schema evolution is not easy; scaling them up is expensive, too. They struggle with semi- or unstructured data, 

such as JSON, images, and logs, common in the digital world of today. ETL pipelines built to serve these 

warehouses also ensure the data is correct and within the rules. They are usually scheduled for batch execution, 

hence causing a long time between data intake and insight. Due to their tight coupling with specific tools and 

infrastructure, it's also hard to leverage them in cloud-native or hybrid settings. Traditional systems will also not 

work well with machine learning workflows, real-time analytics, or agile experimentation. These things will be 

crucial since one has to make decisions based on data. These limitations make data inaccessible, slow down 

performance, and are less cost-effective with scale, speed, and variety continuing to increase. 

C. Existing Approaches and Recent Innovations 

New technologies have changed how data is stored, processed, and analysed because old ones are not very 

effective any more. Cloud-native data processing platforms such as Apache Spark, Apache Flink, or Apache Beam 

helped to ease the processing of data in real time and from different locations. You can store data in new ways with 

open table formats like Delta Lake, Apache Iceberg, and Apache Hudi. This further improves data lakes by adding 

ACID transactions, time travel, and schema evolution to them. Using workflow orchestration tools such as Apache 

Airflow, debt (data build tool), or managed services like AWS Glue and Google Cloud Dataflow will let you 

implement modular, programmable data pipelines that follow all the rules of DevOps and DataOps. These tools 

can work both for ETL and ELT models, which makes maintenance of flexibility and actuality in data workflows 

easier. The new data stack separates the storage and computing, does not use servers, and connects everything 

through APIs. All this makes it much easier for old and new ways to coexist in harmony within one system. The 

best example of how those two things can coexist is a data Lakehouse. It only improves as cloud providers and 

open-source communities are adding new standards and features all the time. 

3. Traditional ETL: Strengths and Challenges 

A. Core Components and Typical Tools (e.g., Informatica, SSIS, Talend) 

Informatica, SSIS, and Talend Traditionally, ETL pipelines have been how businesses piece together their 

data.  Such pipelines should intake data from a variety of source systems, clean it up, make it all the same, and then 

put it all together.  After that, they may place the cleaned-up data in one place, say a relational data warehouse. 

This works well because the process is easy to follow and has a clear plan behind it.  It guarantees that information 

is always correct and good quality.  ETL tools such as Talend, MS SQL Server Integration Services, and Informatica 

PowerCenter usually boast graphical user interfaces, support for metadata-driven development, and the capability 

to connect to relational databases, enterprise applications, and file systems.  These usually work with systems that 

keep count, write things down, and make plans. They are a big part of how computers work in a business.  For this 

reason alone, they are an excellent fit for mission-critical data workflows. However, they are usually monolithic, 

tightly coupled with certain infrastructure, and relying heavily on batch processing, which makes them less flexible 

and responsive when working in today's data environments. 

B. On-Premise vs. Cloud-Hosted ETL Workflows 

In the Cloud vs. On-Premises Much has changed about how ETL processes are set up and run since they 

moved from on-premises infrastructure to the cloud. On-premises ETL workflows cater to the limited number of 

hardware and network resources available on-premises. They require dedicated servers, manual scaling, and a lot 

of planning for resources, which may lead to inefficiencies and cost-ineffectiveness. Such systems may also have 

difficulty connecting with newer SaaS data sources or cloud-native storage such as Amazon S3 or Azure Blob 

Storage. ETL workflows running in the cloud can easily scale up and down, be always available, and work well 

with cloud storage and computing. You can migrate your existing tools into the cloud or take advantage of the ETL 

services already there. Talend Cloud, Informatica Intelligent Cloud Services, and Azure Data Factory are examples 

of autoscaling, elastic compute, and pay-as-you-go pricing cloud services. However, migration to the cloud is not 

easy. Compliance considerations are difficult to follow; there is the challenge of migrating old pipelines, and most 

importantly, data security. Many people at first use a combination of approaches when they start using the cloud. 
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C. Latency, Batch Processing, and Scalability Issues 

One of the primary issues with old ETL architectures is the fact that they can only process batches of data. 

What this essentially means is that data is collected and worked upon at specific times, say once every hour or once 

daily. This method of creating and viewing data works fine for reports that are fixed in nature and for viewing data 

of the past, but it is very time-consuming; therefore, one cannot use this for immediate or near-immediate decision-

making. This latency is a huge disadvantage because, in businesses today, the requirement for real-time 

information is becoming imperative to identify fraud, understand customer behaviour, or monitor operations. 

Another downside of traditional ETL pipelines is that they do not scale well in case there is a need to handle 

additional data. Since they rely solely on the computing power already available, upscale would require buying 

and setting up new hardware, which is very time-consuming and costly. With an increase in data volume and 

source systems, these pipelines may also become fragile and challenging to manage. Inherent weaknesses include a 

lack of flexibility and native support for parallelism. Thus, these systems cannot scale high-speed data streams, nor 

can changes to data structure or transport methods easily be accommodated. 

4. Cloud-Native Frameworks for Data Processing 

A. Overview: Spark, Apache Beam, Flink, dbt, Airflow 

A lightning review of Apache Beam, Flink, dbt, Airflow, and Spark Cloud-native frameworks have 

revolutionized the way developers work with data by providing developers with easy-to-use tools that manage 

massive amounts of data while correcting errors in batch and stream processing. Probably the most well-known is 

Apache Spark. It provides a single engine for large-scale data, SQL, machine learning, graph processing, and even 

streaming. Spark is way faster than conventional ETLs because of its ability to use memory and disk together. 

Apache Beam lets developers write data processing pipelines once and then execute them on various runners, 

including Google Cloud Dataflow, Apache Flink, or Spark. Beam is very well-suited to deployments involving 

both cloud and hybrid systems due to its abstractness. Apache Flink is designed to handle streams with state and 

massive data volume. Generally used for real-time analytics. The people in the analytics engineering role also like 

dbt-data build tool for the fact that it enables changes in data in a modular, version-controlled, and SQL-based 

manner. This allows one to use code to view data. Apache Airflow is excellent for managing complicated 

workflows that might involve more than one system. It has scheduling, logging, and failure handling with DAGs-

directed acyclic graphs-which make it an excellent way to manage tasks in a modern data stack. These all work 

together to enable cloud-based data engineering. They enable you to create pipelines that scale and are fixable, 

something much more flexible than ETL.  

Table 2: Cloud-Native Data Processing Frameworks 

Framework Importance / 

Usage (%) 

Core Purpose Key Strengths 

Apache Spark 30% Unified engine for large-scale batch, 

SQL, ML, graph, and streaming. 

Extremely fast, in-memory 

processing; massive ecosystem; 

widely used in cloud (Databricks, 

EMR). 

Apache Beam 20% Write once, run anywhere data 

processing pipelines. 

Multi-runner support (Dataflow, 

Spark, Flink); ideal for hybrid & 

cloud portability. 

Apache Flink 20% High-performance real-time, stateful 

stream processing. 

Ultra-low latency; strong state 

management; best for real-time 

analytics. 

dbt (Data 

Build Tool) 

15% Analytics engineering; SQL-based 

transformations inside 

warehouses/Lakehouse’s. 

Version control, modular modelling, 

tests; excellent for ELT 

transformations. 

Apache 

Airflow 

15% Orchestration of workflows across 

systems. 

DAG scheduling, retries, automation; 

integrates all tools into pipelines. 

Total 100% - - 
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B. Role of Object Storage and Open Table Formats (e.g., Delta Lake, Iceberg, Hudi) 

For cloud-native data architectures, object storage systems like Amazon S3, Azure Blob Storage, and Google 

Cloud Storage are very important. They can be scaled up and down almost as much as you want, are long-lasting, 

and don't cost that much. This means they are great for keeping raw, semi-structured, and processed data. When 

you store data in flat files such as CSV or JSON, it's hard to keep transactions the same, change the data, and run 

queries quickly. So, open table formats such as Delta Lake, Apache Iceberg, and Apache Hudi come in really handy 

here. These formats make data lakes less solid, which gives them ACID: Atomicity, Consistency, Isolation, and 

Durability. Now, with this, you could change schemas, go back in time, and add metadata to an index. Databricks 

made Delta Lake, so it worked really well with Spark and was able to handle both streaming and batch data. 

Apache Iceberg was supported by companies like Netflix and Apple. Since it's very open, it works pretty well with 

a lot of compute engines such as Flink, Presto, and Trino. Apache Hudi is definitely one of the best tools in CDC 

because it's capable of adding new data and changing old data simultaneously. These table formats are really what 

modern Lakehouse systems build themselves on. They fill in the gap between data lakes and data warehouses.  

C. Serverless Computing and Orchestration (e.g., AWS Glue, Google Cloud Dataflow, Azure Data Factory) 

Factory represent the tools for serverless computing or managing a multitude of tasks. Data engineering has 

been made better, for one, by taking care of infrastructure management thanks to serverless computing. This really 

means all programmers have to do is think about code and logic. AWS Glue, Google Cloud Dataflow, and Azure 

Data Factory represent serverless services that provide you with powerful, fully managed platforms for building 

data workflows that can scale and save you money in the world of ETL and data pipelines. AWS Glue makes it 

really easy to set up a serverless Spark environment which can perform schema discovery, data cataloguing, and 

ETL transformation. It also includes Glue Studio, which will let you visualize and create jobs in an easily 

understandable fashion. Google Cloud Dataflow is built on top of Apache Beam. You can work with batches and 

streams at the same time. Besides, it will automatically scale up or down and also works well with Google's 

Pub/Sub and Big Query services. In Azure Data Factory, adding lots of data is achieved through either drag-and-

drop or writing code that defines Data Flow and pipelines. These services can work with event-driven 

architectures, autoscaling, and billing that is based on how much you use them. These features keep the cost and 

performance as low as possible. They also work well with other services in their own cloud ecosystems, which lets 

you manage, monitor, and control data from many different sources and targets from start to finish. 

5. Lakehouse Architecture Overview 

A. Key Architectural Principles 

The Lakehouse architecture is a big jump in the way companies store and retrieve their data. It aims to relate 

data lakes and data warehouses more closely. The Lakehouse was originally designed based on a number of very 

important architectural tenets that make it fast, reliable, and flexible on a large scale. Firstly, since it has only one 

storage layer, you are able to store structured, semi-structured, and unstructured data in open file formats like 

Avro, ORC, or Parquet. The architecture facilitates further creation of a decoupled design whereby the storage and 

compute layers are decoupled. You can work with data at scale in a flexible manner without limitation due to the 

configuration of storage. Thirdly, it emphasizes transactional integrity and schema enforcement-things that remain 

very core in ensuring accuracy and consistency of data, especially when multiple consumers use them 

concurrently. Its design also allows the Lakehouse to work well with modern analytics and machine learning 

workflows. You can have the use of a common source for SQL queries, streaming processes, and AI models. These 

tenets allow companies to integrate data silos, reduce data duplication, and support a wide range of use cases, such 

as basic business intelligence to advanced data science, all on a single platform.  

B. Storage-Compute Separation 

The key proposition of the Lakehouse model is that storage and computing are separated. This will be the 

only proposition that's going to make it possible for you to scale, economize, and change the architecture in the 

same way. In a classic data warehouse, the linkage between storage and computing is tight. If you want to scale 

one, you may have to scale the other, which may cost you money or make infrastructure more expensive. On the 

other hand, Lakehouse architectures are designed to store the data long-term within object storage systems like 

Amazon S3, Azure Blob Storage, and Google Cloud Storage. When needed, they use additional compute engines, 
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such as Apache Spark, Presto, and Dremio, to process the data. This separation allows the businesses to increase 

computing horizontally, adapt quickly to changes in the workload, and keep the different workloads separate 

without the need to copy data. For example, it can operate batch ETL pipelines, ad hoc analytics, and machine 

learning inference jobs on the same data without problems. This type of building construction works well in areas 

with high tenancy. It also reduces the total cost of ownership by allowing users to only pay for the computing 

resources they use. 

C. Metadata Layers and Transactional Consistency 

One of the biggest problems with old data lakes is that they lack proper mechanisms for tracking transactions 

and metadata. The lake house architecture corrects this. In a pure data lake, there is no central way to ensure 

everything is correct, handle schema changes, or even prevent read/write conflicts. Lakehouse’s fix this by adding 

metadata layers and transaction logs tracking changes to data, handling schema evolution, and allowing ACID 

(Atomicity, Consistency, Isolation, Durability) transactions. Delta Lake, Apache Iceberg, and Apache Hudi are 

some of the most critical technologies that make this a reality. In each of these formats, the metadata store will 

contain information about all the files, all the versions of the data, and all of the changes which have been 

performed on the dataset. So, you can then achieve things such as reading and writing your data simultaneously 

while going back in time, something incredibly important for building correct analytics pipelines and serving BI 

tooling that requires accurate, reproducible results. It also makes the use of SCDs and other complex ways of 

modelling data, common in data warehouses, far easier.  

D. Governance and Security 

As data is becoming increasingly important for business strategy, security and governance should be 

paramount in data platforms. The lake house architecture integrates the best features of enterprise data 

warehouses and data lakes. Governance in the case of a Lakehouse system includes making sure of the quality of 

the data, access control to it, cataloging, and tracking its lineage. AWS Lake Formation, Azure Purview, or Unity 

Catalog in Databricks lets you centrally manage how data gets accessed, structured, and used across a wide array 

of compute engines and user groups. Fine-grained access control enables admins to set role-based security right 

down at the level of each column or even row. Lakehouse’s are able to encrypt information both in rest and in 

flight. They can mask data and integrate with IAM systems. Compliance with regulations like GDPR and HIPAA 

becomes easier with features such as audit logs, data retention policies, and data classification. Lakehouse’s embed 

security and governance into their core architecture to let businesses grow their data operations without losing 

control or breaking the law. 

6. Integrating ETL into a Lakehouse Framework 

A. Migration Paths and Hybrid Approaches 

This means it's not easy to move traditional ETL workflows into the lake house framework; rather, it is a 

gradual process entailing ways of moving and hybrid deployment strategies. Most businesses begin by moving 

ETL jobs from on-premises servers into cloud VMs or containers. That keeps the logic the same but makes it work 

with new hardware. By using cloud-native tools and services that work better with the lake house model over time, 

they change or shift those jobs. They can refactor batch SQL scripts into Apache Spark jobs or debt models; these 

can run directly against Delta Lake. Hybrid architectures are also quite important today as things are changing. 

They allow for the older ETL tools to send data to a central cloud object store-the storage layer of the lake house-

which empowers companies to shift to new computing frameworks over time without needing to stop utilizing 

their old, reliable data pipelines. Hybrid models are great even to run a business because they allow you to test 

new systems while you continue using the ones which are already in place, which usually makes things easier and 

safer when coping with change. 

B. Modernizing Legacy ETL Tools to Work with Lakehouse Systems 

To fully leverage the lake house architecture, this involves updating your ETL tools to work with new storage 

formats, processing engines, and orchestration layers. It will mean using traditional ETL tools like Informatica or 

Talend directly to write output to Parquet or ORC files stored in the cloud in an object store, then add those files 

into the Delta Lake or Iceberg metadata layers where analytics tools can find them easily. Completing old ETL jobs 
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and triggering post-processing steps in the lake house system, such as indexing, compaction, or schema validation, 

from orchestration workflows like Airflow DAGs are how companies can complete these tasks. These setups are a 

bit more complex. You can also connect older ETL tools into newer data platforms like Big Query, Snowflake, or 

Databricks by using connectors and APIs. Another avenue of keeping things updated is to use containerization and 

CI/CD pipelines in the automation of deployment and versioning. This would make ETL processes work in the 

cloud much like DevOps does. With such an update, these ETL processes work much better with lake house-based 

systems, while at the same time being more flexible, easier to track, and easier to stay on top of. 

C. Data Ingestion, Transformation, and Loading Patterns in Cloud-Native Environments 

A cloud-native lake house is a game-changer in data handling, using workflows that are more flexible, can be 

altered, and are streaming-oriented, which is contrary to the rigid ETL pipelines. They ingest data with AWS 

Kinesis, Google Pub/Sub, and Apache Kafka cloud services. These services can always save everything by sending 

it to storage. Azure Data Factory and AWS Glue can take data from APIs and databases, among other sources, and 

land them into cloud-native file systems in the best formats for batch ingestion analytics. Because of distributed 

compute engines like Apache Spark, Dask, and Presto, transformation usually happens after ingestion. You do not 

write all your transformations up front in dbt or PySpark. You refactor them into discrete functions that you call 

and invoke over and over again. This makes it way easier to monitor, maintain, or rerun them as needed. You put 

data into Delta, Iceberg, or Hudi tables and then use query engines or data catalogs to expose those tables to the BI 

and ML tools. That is how you get data into the last layer so you can see it. The ELT pattern works well with lake 

house architectures because it leaves the raw data around for testing and auditing and allows it to be reprocessed 

in different ways at the end. 

D. Real-World Architectural Blueprints 

In real life, lake house architectures prove that it is both possible and useful to combine old ETL with new 

frameworks. A standard blueprint might have a raw data zone for getting data in its original form, a staging or 

bronze zone for data that has been lightly cleaned and structured, a silver layer for datasets that have been changed 

for business reasons, and a gold layer for data models that are ready for analytics. A company could take ERP data 

and move it to Amazon S3 using Talend; use Apache Spark on AWS EMR to make Delta Lake tables out of it; and 

use Airflow to keep track of everything. Data scientists can train models on the same data in notebooks, and the 

same data will be visible to BI users in Tableau or Databricks SQL. Another pattern a fintech company might 

follow is streaming the data from Kafka, doing real-time processing in Flink, storing the result in Iceberg tables in 

Google Cloud Storage, and then serving these to both Big Query and Vertex AI. Such blueprints illustrate how the 

lake house can provide seamless, end-to-end workflows for data that work for analytics both old and new. 

7. Case Studies 

A. Example 1: Enterprise Migration from On-Prem ETL to a Cloud Lakehouse (e.g., AWS or Databricks) 

A large retail store had been running a traditional ETL and Data Warehouse system on-premise for more 

than a decade. As the data operations were growing, it was getting harder and harder to keep up. It ran nightly 

batch jobs generating reports on sales, inventory, and customer behaviour. The system used Microsoft SSIS and 

Oracle Data Warehouse. However, as e-commerce, in-store IoT sensors, and personalized marketing drove the 

volume of data growing rapidly, it became clear that it wasn't designed to handle it all. We couldn't change the 

infrastructure: storing data was too costly, and the lag time was too long to make immediate decisions. AWS and 

Databricks enabled the company to migrate toward a cloud-based lake house in incremental steps. First, they 

migrated historic data into Amazon S3 while keeping the core ETL pipelines in SSIS. Complementary, in 

Databricks, new pipelines were added to Apache Spark that quickly and easily transformed raw data directly into 

Delta Lake tables. The team created workflows similar to old ETL jobs but much faster and less expensive. They 

used AWS Glue for cataloguing and Airflow for orchestrating. Eventually, SSIS pipelines were replaced by Spark, 

since its workflows outperformed the same tasks with much higher efficiency. Business users now accessed the 

latest information through reporting dashboards directly hooked up with Databricks SQL and Amazon Quick 

Sight. Besides the fact that this change made data more timely-24 hours down to less than 15 minutes-it opened 

new possibilities: for example, real-time personalization or detection of problems in supply chain data. 
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B. Example 2: Building a Real-Time Pipeline Using Apache Kafka + Spark + Iceberg 

A fintech startup wanted to design a data infrastructure that provided real-time credit scoring and fraud 

detection, able to handle transaction data coming from multiple payment gateways and mobile apps with less than 

a one-second delay. The company has built a streaming data pipeline that ingests data from Apache Kafka, then is 

transformed by Apache Spark Structured Streaming, and finished with Apache Iceberg for storing and managing 

tables. We used Kafka topics to receive real-time streams of API events, user activity logs, and money transactions. 

These streams were then consumed by Spark Operator, triggering the execution of Spark jobs on top of Kubernetes. 

That allowed the system to scale up or down automatically according to its workload. With each incoming piece of 

data, Spark updated this in real time: enriching a stream of transaction data with customer profiles and applying 

transformation logic that searched out patterns in transactions that appeared suspicious. The changed records were 

written to the Iceberg tables, which were stored in Amazon S3. These tables could achieve ACID compliance, 

schema evolution, and snapshot isolation. Tables could be discovered using Athena and Trino. That means it will 

be possible to see alerts and past analytics on the same data simultaneously. Online inference models for fraud 

detection using TensorFlow use the very same data as that of the downstream users. This startup managed to build 

a strong Lakehouse foundation with the ability to handle terabytes of data daily with consideration of performance 

and governance. That design was able to make the two-second mark to process things. 

8. Challenges and Best Practices 

A. Data Quality and Governance 

Having a Lakehouse architecture so large and flexible make it harder to ensure the data is correct and rules 

are followed. In classic ETL workflows, points in time were usually dedicated to data cleaning and checking. In a 

lake house, you can add raw data very quickly and use it in many different ways; it has to be the case that 

everyone checks its good quality. Without good governance, things such as schema drift, missing fields, or 

formatting not matching leak from layer to layer. Companies should always validate their data against frameworks 

such as Great Expectations or Deequ to fix this. Data contracts are another way of ensuring compatibility between 

different producers and consumers who must agree on semantics and schema. Tools such as AWS Glue Data 

Catalog and Unity Catalog help us track who owns a dataset, who can access it, and how it is used. Orchestration 

pipelines also have rules regarding role-based access control, audit logging, and data classification to make sure 

new ideas follow the rules. 

B. Performance Tuning 

Lakehouse architectures can evolve and grow, but they also make things harder to fix, which is good for business. 

Lakehouse’s are unlike regular databases in the sense that they have many moving parts: distributed compute 

engines, object storage, metadata services, and complex orchestration. For certain kinds of queries and workloads, 

old-fashioned databases are the best option. If files are too small-a "file explosion", data isn't well divided, or 

queries take too long, performance can drop a lot.  To get the best results, professionals should use file compaction, 

Z-ordering, or data clustering whenever they can. They should also make sure that the data is split up in a way that 

most people can easily find. Features in Delta Lake and Iceberg such as metadata caching and query pruning can 

make scans go a lot faster.  You should also choose a compute engine that is good for the tasks you need to do, 

such as Presto or Spark.  For instance, Spark is better at big changes while Presto/Trino is better for analytics that 

come out of nowhere. It is very important to regularly profile jobs and set performance benchmarks in cloud 

environments.  They help teams figure out what's wrong and how to make the best use of their resources.  

C. Cost Optimization 

Cloud-native Lake house platforms evolve and scale easily, and it's very difficult to predict how much they will 

cost unless you pay attention. There's just so much to consider: the costs of third-party tools and batch and 

streaming jobs and object store data. Two of the worst things you can do with your computer power are running 

Spark clusters that aren't doing anything or giving out too many virtual machines. Companies should leverage 

autoscaling policies, spot instance pricing, and serverless options such as Databricks Serverless and AWS Athena at 

every possible opportunity to make this easier. Moving data that you don't use very often to cheaper tiers such as 

AWS Glacier or Google Archive Storage will help reduce storage costs. This is called a lifecycle policy. Cost 

attribution by tagging all parts of the infrastructure will also help data teams understand which pipelines, projects, 
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or teams use the most. You need to think carefully about how new the data should be in order to balance the needs 

of the business with the resource costs. With cost-aware pipelines, teams can keep performance and flexibility 

without overspending. 

D. Toolchain Complexity and Team Skill Gaps 

Companies commonly struggle to determine how to take advantage of Lakehouse architectures and deal 

with complex toolchains when adopting them. This might mean longer and more expensive projects. The 

Lakehouse systems make use of a broad array of tools that range from streaming platforms to open table formats, 

orchestration frameworks, distributed compute engines, and data lakes. However, the majority of traditional ETL 

environments allow for only a few integrative tools. To leverage and manage this kind of toolchain, deep 

knowledge is needed in cloud infrastructure, distributed systems, and data engineering. Those people who are 

used to point-and-click-style tools like Informatica have no idea how to create workflows using PySpark or dbt. To 

fix this, companies should invest in spaces where people can share information, training programs, and cross-

functional teams that can help get to the bottom of problems. Using templates, CI/CD practices, and centralized 

configuration management to modularize data pipelines and standardize them makes them easier to understand 

and less daunting. You're also less likely to get vendor lock-in if you select tools designed on open standards with 

large community support, which again makes it easier to onboard new folks into your team. 

9. Future Directions 

A. AI/ML Integration with Lakehouse’s 

As enterprises become increasingly data-driven, the integration of artificial intelligence (AI) and machine 

learning (ML) into lake house architectures is emerging as a critical frontier. Lakehouse’s, with their ability to unify 

vast amounts of structured and unstructured data in open formats, provide an ideal foundation for scalable AI/ML 

pipelines. These systems allow data scientists to train and deploy models directly on the same datasets used for 

analytics and reporting, eliminating data duplication and synchronization issues common in traditional 

environments. Tools like Databricks MLflow, Amazon SageMaker, and Vertex AI integrate seamlessly with lake 

house platforms, enabling workflows where feature engineering, model training, inference, and monitoring occur 

within a single ecosystem. Moreover, the transactional consistency and schema enforcement provided by formats 

like Delta Lake and Iceberg support reproducibility and data integrity, which are essential for robust ML lifecycle 

management. In the near future, we can expect tighter coupling between ML orchestration and lake house data 

catalogs, allowing automated lineage tracking, bias detection, and model retraining based on evolving data 

patterns—all within the same platform. This convergence will empower organizations to operationalize AI more 

effectively while ensuring governance and scalability. 

B. Low-Code/No-Code Pipeline Development 

Lakehouse platforms are increasingly expanding to integrate support for low-code and no-code development 

models, making it easier for anyone to work with data and speed up the building process for data pipelines. You 

don't need to know how to code to have these tools help you perform basic data processing tasks. They do this by 

giving you pre-made parts and visual interfaces. You can create ETL/ELT pipelines by dragging and dropping with 

tools like AWS Glue Studio, Azure Data Factory, Google Cloud Data Fusion, and Databricks Workflows. These 

pipelines can read from various sources, apply transformations, and write to open table formats. These tools enable 

business analysts, data stewards, and citizen data engineers to start helping with building pipelines without 

having to write complicated Spark or SQL code. AI-powered capabilities-like automatic schema mapping, anomaly 

identification, and natural language querying-are further improving these tools. These features make it even easier 

to build and run pipelines. As Lakehouse architectures continue to get better, low-code and no-code tools will 

become increasingly helpful, thus appealing to more people. This is particularly true for businesses that lack large 

engineering groups or seek to accelerate the pace at which business people who are not technology-savvy can gain 

insights. 

C. Interoperability Between Open-Source and Managed Solutions 

How to make open-source frameworks work with managed cloud services will be one of the main things 

shaping the future of Lakehouse architectures. Enterprises should be able to leverage more tools and platforms 

without becoming locked into one vendor. They also need to learn how to elicit the optimal value from managed 
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infrastructure. The open-source community is continuously thinking up new projects, such as Apache Iceberg, 

Apache Hudi, Delta Lake, debt, and Apache Airflow. With these projects, you can store, change, and organize data 

across separate, plug-in pieces. Cloud providers are adopting these same open standards in their managed 

services, so they make sure they work with open-source systems that are already out in the wild. For instance, 

Delta Live Tables on Databricks, Big Lake on Google Cloud, and AWS Athena's support for Iceberg are doing this. 

When people learn to collaborate better, then hybrid architectures can be built. You can assemble parts of such 

architectures in any combination that you want, provided they follow the rules, work well, and do not come with 

an unreasonable price tag. For instance, a data engineering team might use open-source debt models and Airflow 

on AWS to write to Iceberg tables that Snowflake can read. This flexibility is not only protective of infrastructure in 

the future but also fosters more innovative ideas by giving companies the freedom of choice for the best tool for 

each piece of the data stack without the constraint of vendors. 

10. Conclusion 

A. Recap of Insights and Benefits 

With Lakehouse architectures, companies store, use, and obtain value from their data in a totally different 

way. The paper reviewed the journey from conventional ETL and data warehousing systems to modern cloud-

native Lakehouse solutions that merge the best features of both data lakes and warehouses together. We 

investigated the reliability of traditional ETL tools and found issues with new data source additions, latency, and 

scalability. Among the various cloud frameworks running are Flink, debt, and Apache Spark. Two other open table 

formats you could use are Iceberg and Delta Lake. Each option is viable because you can do real-time analytics, 

easily change logic, and integrate into AI and ML workflows seamlessly. For many diverse kinds of data use cases, 

Lakehouse architecture serves as a great starting point. It decouples storage and compute, ensures correct 

transactions at all times, and uses metadata for governance. Real-life case studies reflect that this new architecture 

upgrades old ones, smoothest work operations, and loads both streaming and batch workloads. These new 

technologies also help businesses save money, grow, and be more flexible. They help show information to those 

working in business and technology.  

B. Recommendations for Enterprises Starting Their Lakehouse Journey 

Those relocating their lake house should go slow and be cautious. Try new things, but also keep an eye on 

things to make sure they're going well. You should start with a hybrid model that uses old ETL systems and new 

lake house pipelines. With this, teams can double-check the decisions they made about architecture, improve their 

skills, and keep the business running smoothly. From the very beginning, businesses need to focus a lot on 

building a strong metadata and governance layer. As your system grows, this will be beneficial in keeping track of 

the quality, history, and access control of your data. Equally important is paying for training and working with 

people from other departments. If you want to use the Lakehouse model, you need to know about modern data 

tools, cloud infrastructure, and distributed systems. You have to pick those tools that are open and can work with 

other tools; you will be able to replace them this way when it becomes necessary. Finally, businesses should be 

open to trying new things, starting with low-risk, high-impact use cases-like using analytics on old data or machine 

learning feature stores. After that, they can start making apps that are useful. Lakehouse architectures can help you 

build smart, unified data platforms ready for the future if you apply the right method. 
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