
Chapter 5. Construct the Bronze Layer

Having established the foundation of your data platform,
whether it is Microsoft Fabric or Azure Databricks, it’s time to
build the Bronze layer. This is the layer where all the raw data
first lands, and the data is maintained in its original form. It
serves both as a historical archive and a reliable single source.
As part of the exercise of setting up the first layer, you’ll tackle
tasks such as setting up connections, building your first data
pipeline, and exploring how to handle data ingestion and
schema management. You’ll come across various code snippets
along the way. These snippets are here to help clarify the
process—some are just for learning, and some you can actually
use in your coding exercises. Keep in mind, though, these
examples are streamlined for educational purposes, so you
might need to tweak them a bit when you apply them to real-
world scenarios.
By the end of this chapter, you will thoroughly understand how
to build and implement the Bronze layer of your Medallion
architecture, including the nuances that come with ingestion
and managing data in the Bronze layer. This solid base will
prepare you for the subsequent Silver and Gold stages. Let’s
start by building the data pipeline.

Building the Data Pipeline
In this section, we will construct a data pipeline using Data
Factory,1 while integrating Spark and Delta Lake into the
process. This hands-on journey will equip you with the skills to
understand how these tools interconnect in a practical setting.



NOTE
When using Azure Data Factory, you might notice slight differences in
some configuration dialogs compared to Data Factory in Microsoft
Fabric. See the initial configuration steps for Azure Databricks if you
are using that and run into any discrepancies.

The process begins with the prerequisites of deploying the
AdventureWorks sample database, which will serve as the
initial data source. From there, you’ll onboard this data into the
Bronze layer using Data Factory. This will involve tasks such as
setting up connection details, creating a new data pipeline, and
configuring various pipeline activities. As you progress, you’ll
receive detailed guidance, complete with instructions,
screenshots, and crucial parameters to consider. The
intermediate result of this chapter is depicted in Figure 5-1.

Figure 5-1. Overview of the pipeline in Data Factory

By the end of this section, you will have gained valuable
insights and recommendations that will prepare you for
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implementing Lakehouse tables. After that, we’ll explore
schema management.

Deploying the AdventureWorks Sample Database
For this exercise, the AdventureWorks sample database will be
utilized as a showcase for onboarding a real data source into
your new environment. The AdventureWorks sample is a
widely used database for demonstration and training purposes,
making it an excellent choice for studying data ingestion, fixing
data quality, and building data integration activities.
The AdventureWorks sample is included in Azure SQL, which is
a cloud-based relational database service provided by Microsoft
Azure. Azure SQL is a popular choice for organizations looking
to create new cloud native applications. It is designed to
manage and store structured data, offering high security,
scalability, and availability.
To deploy the AdventureWorks sample database in Azure SQL,
follow the instructions in “Quickstart: Create a Single Database”
and “AdventureWorks Sample Database".
After following the quickstart guides and completing the
deployment, you can begin building your first pipeline using
Data Factory. In the upcoming sections, you will configure the
connection. After that, you’ll use Data Factory to load data into
the Bronze layer and partition it by loading date. Once the data
is loaded, you’ll trigger a Spark job to create Bronze tables using
the same pipeline.

Set Up an Azure SQL Database Connection
To read data from the AdventureWorks sample database and
write it to the Bronze layer, it is necessary to set up the required
connection details in Data Factory. These configuration details
define the connection properties and credentials required to
connect to target sources or destinations.
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To set up the database connection, select the Settings gear icon
at the top of your screen and choose Manage Connections and
Gateways. Next, select New at the top of the ribbon to add a
new data source. A new connection pane opens on the right
side of the page. Here, you can select the type of connection you
want to create.
You’ll need to create a connection using SQL Server to use the
AdventureWorks sample database. For more detailed guidance,
see “Set up Your Azure SQL Database Connection”. In addition, I
recommend using a service principal account for
authentication, as it provides the most secure and scalable way
to authenticate your Data Factory account with Azure services.
For an overview screen, see Figure 5-2.

NOTE
Each data source comes with its own unique challenges. You may find
yourself using different setups and activities than those described
here. I discuss this further in “Configuring the CopyTable activity”.
Additionally, the naming convention in this example follows the
AdventureWorks sample database. Feel free to adjust it to better match
your specific data source.

Once the connection details are configured, you can initiate the
project by creating a new pipeline within Data Factory. This
data pipeline will form the foundation for future steps,
including Lookup, ForEach, Copy Tables, and Notebook
activities.
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Figure 5-2. Overview of the connection details in Data Factory

Creating a New Data Pipeline
To create a new pipeline, return to the Workspace using the
navigation pane on the left side of the screen and open the
development Workspace. From there, click on New Item and
select “Data pipeline.” Then, name the newly created pipeline,
for example, “AdventureWorks.” The page will refresh,
displaying a blank canvas where you can build the pipeline.
This canvas is where activities such as Lookup, ForEach,
CopyTable, and Notebook will be added to the pipeline. You can



find these activities in the Activities pane on the top of the
screen.
Begin by incorporating the Lookup activity by dragging it into
the pipeline. The Lookup activity will be used to retrieve the
schema information from the AdventureWorks sample
database. This information will be used in the process of
iterating over a list of database tables to perform a copy
operation on each one. So each table will be dynamically copied
to the Bronze Lakehouse.
Next, click on the activity to configure it. In the settings, select
the newly created AdventureWorks Connection for reading
information from the database. Then, move to the details
section and, in the “Use query” line, select the Query radio
button to fetch all relevant table names. Ensure that “First row
only” is unchecked to allow the retrieval of all rows from the
table. For more details, refer to Figure 5-3.
For the query, the SQL statement that follows is used to retrieve
only functional table names from the INFORMATION_SCHEMA view.
This view offers an internal, system table-independent
perspective on the metadata in the database. It provides a more
standardized method for retrieving information about database
objects such as tables, columns, domains, check constraints,
privileges, and more. Since most modern databases support
system tables, this method is commonly used for querying
metadata:

SELECT * FROM INFORMATION_SCHEMA.TABLES


WHERE TABLE_TYPE = 'BASE TABLE' AND TABLE_SCHEMA = 'SalesLT'

To verify everything is functioning correctly, click the “Preview
data” button. If the data displays as expected and an overview
with tables is shown, you can proceed with developing the
pipeline by adding a ForEach activity.



Figure 5-3. Query used for retrieving only the relevant schema information

Building the ForEach loop
A ForEach activity is a control flow activity that iterates over a
collection of items and executes an operation for each item in
the collection in a specific order. This activity is commonly used
in data engineering projects to perform a set of (repetitive)
operations on a group of files or tables. In your case, the
ForEach activity will be used to iterate over the system object’s



information returned from the AdventureWorks example
database. You will use this information to copy the tables to the
Bronze Lakehouse.
To iterate over the system object’s information returned from
the AdventureWorks example database, add the following
information to the Items option within the ForEach activity:2

@activity('LookupTables').output.value

This configuration allows the ForEach activity to extract schema
and table names from the query output results from the Lookup
activity. The ForEach activity then uses the output as arguments
within the loop. When configuring the ForEach activity, ensure
that the input name precisely matches the name from the
previous activity. For example, if you reference the example
from Figure 5-4, the input must link directly to the
LookupTables job.



Figure 5-4. Iterating over all tables using a ForEach activity

With the ForEach activity configured, it’s time to integrate the
CopyTable activity.

Configuring the CopyTable activity
Open the ForEach loop and drag in a CopyTable activity. This
activity facilitates the copying of data from a source to a
destination. In this case, it will be used to copy tables from the
AdventureWorks sample database to the Bronze Lakehouse. To
configure the CopyTable activity, you’ll need to configure the
Source and Destination properties (see Figure 5-5).



Figure 5-5. Details of the Source properties for the CopyTable activity

For the Source properties, the AdventureWorks Connection
must be selected along with the corresponding database.
Ensure that both the TableName and SchemaName are
specified as input parameters. These item values are connected
to the metadata that was retrieved in the Lookup activity.



@item().table_name


@item().table_schema

Next, head over to the Destination properties. For the
Connection, select the Bronze Lakehouse. In the filepath dialog,
add the following two properties:

@concat('adventureworks/', formatDateTime(utcnow(), 'yyyyMMdd'))


@concat(item().table_name,'.parquet')

Figure 5-6 shows the details on configuring this Destination.

Figure 5-6. Details of the Destination properties for the CopyTable activity



If everything is configured correctly, you should be able to
locate the Run button in the toolbar to trigger the pipeline and
monitor the process. When things work as expected, a folder
should appear within the Bronze container. The folder,
illustrated in Figure 5-7, should have today’s date.

Figure 5-7. Overview of files stored in the Bronze layer

With this configuration, the AdventureWorks data will be stored
and partitioned in the Bronze Lakehouse using the following
format: Files/adventureworks/YYYYMMDD/TableName.parquet.
This method offers the advantage of archiving all data within a
daily time window, ensuring a structured and time-based data
storage approach. By systematically historizing the data, a well-
prepared input is created for Spark processing jobs. This
approach also supports auditing requirements and provides a
historical record for data recovery in case of errors.
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With these last steps completed successfully, you’ve set up the
necessary resources and configuration to create a new data
pipeline. You have also onboarded your first data source into
your Bronze layer using Data Factory. Before we continue with
a discussion of ingestion patterns, let’s review the key
takeaways from building the data pipeline.

Additional Considerations
Understanding that data extraction and ingestion methods can
greatly vary depending on the source system is crucial. In the
experience of the tutorial, the process was straightforward as
you had direct access to the source without any complex
network requirements. However, in other scenarios, data
collection approaches can differ significantly.
For instance, data might initially arrive in a temporary storage
area, or it could be in a format requiring a technical
transformation. Sometimes, accessing the data may involve
additional steps like deploying integration runtime services or
using a virtual private network (VPN). In other cases,
specialized tools such as Azure Functions may be necessary to
retrieve data from an API endpoint.
The primary lesson here is that the specifics of the data
ingestion process heavily depend on the characteristics of the
source system and the nature of the data you need to handle.
Understanding these factors is essential for designing an
effective data ingestion strategy. There is no silver bullet
solution; each scenario requires a tailored and unique
approach.
The implementation and management of the Bronze layer vary
widely between organizations. This variance depends on
flexibility needs, the nature of the data sources, and specific
organizational requirements. These factors result in different
approaches to the implementation of tables and schema
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management. These factors will be taken into account moving
forward:
Date partitioning scheme structure

Switching from a flat YYYYMMDD partitioning scheme to a
hierarchical YYYY/MM/DD structure offers improvements in
data management and query performance. It enables
precise partition pruning, reduces the overhead of handling
a large number of files in a single directory, and simplifies
operations like data deletion and archiving by organizing
data into manageable chunks.

Logging and metrics
When you ingest data, it is crucial to monitor the process for
both auditing and troubleshooting purposes. A practical
method to achieve this is by logging metrics for each dataset
processed in the Bronze layer. For example, with Data
Factory, you can access metrics from the
.output.runStatus.metrics property, recording details such
as rows read, rows written, and sink processing time.
Alternatively, when working with streaming or real-time
data, the QueryProgress metrics in Apache Spark Structured
Streaming provide comprehensive insights into the
execution of your streaming queries. These metrics include
vital information such as input and processed rows per
second, batch duration, and sink commit latency. Utilizing
these metrics helps in understanding and optimizing the
performance of your streaming pipeline.
Additionally, implementing postprocessing jobs that verify
row counts and totals against the source data and across all
layers of the Medallion architecture is beneficial. These
checks help in identifying any inconsistencies or errors in
the data. It is advisable to perform these verification jobs
after each incremental update to ensure data integrity.



Implementing a logging framework
The current setup lacks extensive logging, which ties back to
the monitoring discussed in the previous item. To scale and
enhance your data processing robustness, I recommend
implementing a logging framework. This framework should
capture essential information for monitoring and
troubleshooting. You can develop it using services like Azure
Monitor or Azure Log Analytics, or you can develop a
customized solution using, for example, Azure SQL.

Setting up automatic triggers
Orchestration of the data pipelines can be improved with
certain functions, for example, those that automatically
trigger the data ingestion pipelines when new data arrives.
For a practical example, see “Create a Trigger that Runs a
Pipeline in Response to a Storage Event”.

Create shared libraries
Shared libraries with good documentation and tests can
greatly improve the efficiency of data teams working across
the enterprise. To enhance scalability, I recommend
developing repeatable scripts for technical file format
transformations, de-nesting complex structures, and append
operations. These scripts can be reused across various
pipelines, saving time and effort. Additionally, host these
scripts in a shared code repository.

Create metadata-informed universal pipelines
Instead of creating separate pipelines for each type of data,
you can use a metadata-driven framework to configure
universal pipelines that adjust automatically based on the
provided metadata. This approach significantly reduces the
need for writing and maintaining extensive code. You’ll see a
concrete example about this in Chapter 6.
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Parameterize a linked service to accept dynamic values at
runtime

You can parameterize a linked service to accept dynamic
values at runtime. For instance, to connect to different
databases on the same logical SQL server, you can
parameterize the database name in the linked service
definition. For more details, see “Metadata-Driven
Approach” and “Parameterize Linked Services in Azure Data
Factory and Azure Synapse Analytics”.

Take advantage of Data Factory templates
Templates that come with Data Factory provide predefined
pipelines that help you quickly start using Data Factory.
There is more information on GitHub.

Deploy an integration runtime to address specific network
requirements

Network requirements may complicate your setup. For
instance, if you need to access on-premises data sources or
services within other virtual networks, you might need to
deploy an integration runtime into a virtual network. For
more details, visit “Data Factory Integration Runtime”.

Address data security concerns
Data security concerns, especially when handling PII or
other sensitive data, can complicate the data ingestion
process. You might need to filter out sensitive data or apply
encryption or dynamic data masking. For more information,
visit “PII Detection and Masking”.

Consider redesign to address performance issues
Performance issues may necessitate a redesign of data
ingestion strategies. Consider using options like “Parallel
Copy” in Data Factory’s CopyActivity to increase throughput
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or adopting incremental loading and delta processing
approaches instead of full data extractions.

You’ve successfully set up the necessary configurations in the
data pipeline and have imported raw Parquet files into the
Bronze Lakehouse entity. However, the work isn’t finished yet.
The next important step is to make this data more accessible
and ready for broader processing. We’ll continue the chapter by
setting up real Lakehouse tables. Following that, we’ll tackle
schema management.

Implementation of Lakehouse Tables
Up to this point, data has been captured using Parquet files.
However, the Bronze layer is more than just a storage space for
files; it plays a critical role in making data uniform and easily
accessible. Therefore, the next steps will involve more data
processing to make the data queryable and accessible for
further use.
In the sections that follow, we’ll explore various patterns for
data ingestion, transformation, and table creation. Fully
understanding these patterns will aid in designing a data
ingestion strategy tailored to your specific needs and goals.
Keep in mind that the main function of the Bronze layer is to
ingest data in its raw, untransformed state, creating a queryable
layer that facilitates exploration and ad hoc analysis, and serves
as a foundational source for further data processing.
We’ll begin by learning how to read data and directly output it
to Delta tables. We then examine the use of external tables for
other Spark-based services. Then, we explore real-time data
ingestion techniques, such as Spark Structured Streaming and
CDC, which facilitate faster updates to the Bronze layer. By the
end of this section, you will have gained a solid understanding



of the different patterns used to make data queryable and the
implications of each approach.

Traverse Parquet Files to Managed Delta Tables
Until now, we’ve focused on setting up a batch process, which
involves processing large volumes of data all at once instead of
handling data records individually or continuously. We used
Data Factory to transfer tables from the AdventureWorks
sample database and saved them in the Parquet file format.
This step alone does not make the data ready for querying and
analysis. To make the data directly queryable in the new
environment, we’ll create Delta tables.
Creating Delta tables ensures ACID compliance, which
guarantees data integrity and reliability during concurrent read
and write operations. Delta tables also support advanced
features like time travel and efficient upserts and deletes,
making data management more robust and flexible.
To create Delta tables in Microsoft Fabric, and similarly in
Azure Databricks, we need to create a script we can call from
the data pipeline. Head back to the Workspace using the
navigation pane on the left side of your screen and return to the
data pipeline you created for the last part of the tutorial. Then,
open the ForEach activity and integrate a new Notebook activity
by dragging this activity type into the workflow. After this,
update the Notebook activity settings by using the following
configuration details for the “Base parameters” section:

schemaName

Set this to adventureworks.

tableName

Set this to @item().table_name to dynamically pass the table
name.



filePath

Use @formatDateTime(utcnow(), 'yyyyMMdd') to generate a
filepath that includes the current date. This helps in
organizing or partitioning the data by date.

For more details on configuring the Notebook activity, refer to
Figure 5-8.

Figure 5-8. Configuration details of the Notebook activity

Next, move to the Workspace and create a new notebook, which
will house the script for creating Delta tables. This script will



perform the following tasks in the order listed here:

1. Retrieves parameters (schemaName, tableName, and
filePath) from Data Factory parameters.

2. Creates a Lakehouse schema, if it does not already exist,
using the specified schemaName.

3. Drops any existing table.

4. Reads data from the Parquet file and loads it into a
DataFrame.

5. Adds a column, loading_date, to each dataset in the
Bronze layer to record the current date and time when
the data is ingested. This timestamp facilitates change
tracking and auditing and is essential for implementing
features like SCD2, where precise timekeeping of record
changes or additions is crucial for maintaining accurate
record versions. For this example, we’re adding only one
column. In a real-world scenario, you would include
additional metadata columns such as source_system,
lineage_id, and others.

6. Finally, this script writes the contents of the DataFrame
to a Delta table using the parameters passed in by Data
Factory. The mode("overwrite") option ensures that if the
table already exists, it will be overwritten with the new
data.



TIP
In this section, we explore the approach of dropping tables and
overwriting them with fresh data, a method particularly suited for
handling full data deliveries. While this ensures a clean slate by
removing outdated information, it is not applicable for delta
deliveries, which involve only incremental updates. See “Create Tables
Without Defining Schemas” for an alternative method tailored for
delta deliveries or accumulating data.

Your new notebook will open a few seconds after you create it,
displaying a single cell. Notebooks are made up of one or more
cells that can contain code or Markdown (formatted text). When
the notebook opens, rename it load_bronze by selecting the
Notebook text at the top left of the notebook and entering the
new name. Make sure to select the Bronze Lakehouse from the
menu on the left to confirm you are in the right environment.

NOTE
All the code and scripts are hosted on GitHub.

Next, paste the following code into the cell:

# Infer base parameters from the pipeline context


schemaName = ""


tableName = ""


filePath = ""

After the code has been copy-pasted, toggle the “Toggle
parameter cell” using the three dots at the top right of the cell.
This step is required and allows the parameters to be set in the
cell. After that, create a new code block by clicking the “+” icon
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at the bottom of the cell. In this new code block, paste the
following code:3

# Import functions


from pyspark.sql.functions import current_date





# Create schema


spark.sql(f'CREATE SCHEMA IF NOT EXISTS {schemaName}')





# Drop table


spark.sql(f'DROP TABLE IF EXISTS {schemaName}.{tableName}')





# Read data


df = 

spark.read.parquet(f"Files/{schemaName}/{filePath}/{tableName}.parq

uet")





# Add metadata loading_date column using current date


df = df.withColumn("loading_date", current_date().cast("string"))





# Overwrite table


df.write.mode("Overwrite").saveAsTable(f"{schemaName}.{tableName}")

Once the notebook has been prepared, return to the Data
Factory pipeline and run the pipeline again. If all configurations
are correct, the new table names should be listed under the
adventureworks database within the Bronze Lakehouse. For an
example, see Figure 5-9.
By creating Delta tables in the Bronze layer, you’ve taken a
significant step toward making the data queryable and analysis-
ready. For instance, you can now easily query the data using
SQL commands or visualize data using services such as Power
BI. Furthermore, Delta tables provide a robust and reliable
foundation for data processing, ensuring data integrity and
enabling advanced features like time travel and efficient
upserts and deletes. With the data now stored in the Delta table



format, the next tasks of designing the Silver layer can be
efficiently approached.
With the Delta tables in place, the tutorial for the Bronze layer
is complete. However, other approaches are worth considering.
For instance, there are scenarios where it is necessary to work
with external tables, particularly when dealing with large
datasets that need to be queried without being loaded into a
managed environment. We’ll explore these approaches in the
upcoming sections.

Figure 5-9. Overview of the Delta tables in the Bronze layer

Using External Tables
We touched on external tables earlier in Chapter 1. These tables
let you query data stored outside the managed environment,



like data that resides in external storage systems like the HDFS
or ADLS.
While Microsoft Fabric doesn’t support creating external tables
on schema-enabled Lakehouse entities at the time of writing,4
you can do this on many other Spark-based platforms. For
instance, in Azure Databricks, you can use the CREATE TABLE
statement with the LOCATION clause to set up an external table.
Simply specify the table location as the path to the Parquet files
in ADLS. The script will begin by fetching parameters passed
from Azure Data Factory using a Databricks Notebook Activity.
It will proceed to create a new schema, ensuring any pre-
existing table with the same name is dropped.
Here’s how you can create an external table using a Python
script:

# Fetch parameters from Data Factory


schemaName=dbutils.widgets.get("schemaName")


tableName=dbutils.widgets.get("tableName")

filePath=dbutils.widgets.get("filePath")





# Create database


spark.sql(f'CREATE SCHEMA IF NOT EXISTS bronze_{schemaName}')





# Drop table


spark.sql(f'DROP TABLE IF EXISTS bronze_{schemaName}.{tableName}')





# Create new external table using latest datetime location


ddl_query = f"""


  CREATE TABLE bronze_{schemaName}.{tableName}


  USING PARQUET


  LOCATION '/mnt/bronze/


  {schemaName}/{filePath}/{tableName}.parquet'


"""





# Execute query


spark.sql(ddl_query)
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Using external tables is simple and straightforward; it does not
require data duplication. However, you must keep several
considerations in mind:

Reading from external Parquet tables is generally
slower than reading from Delta tables. This
performance lag can be attributed to factors like
suboptimal partitioning, which affects how data is
accessed and processed.

Unlike managed Delta tables, external Parquet tables
lack support for advanced features such as schema
enforcement and time travel, which can enhance data
management and analytics.

The approach of using external tables is a simple and
straightforward way to set up your data pipeline. It isn’t wrong
and might work well for your specific requirements. However,
it is not the most optimized method. In the next section, we
explore how to read and output data in a more efficient
manner.

Updating Tables with MERGE Operations
In all the previous examples, we examined either using
external tables or cloning data. However, processing
incremental loads is necessary in scenarios where only changes
(updates and new entries) need to be addressed using complex
filters. In such cases, merge operations prove to be
instrumental.

Delta Lake supports MERGE operations, which enable the merging
of new data into existing tables. This feature is particularly
beneficial for updating or upserting data in tables. Here is an
example script of how to use MERGE in SQL:

MERGE INTO Bronze_Customer AS t


USING Landing_Customer AS s
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ON t.CustomerID = s.CustomerID


WHEN MATCHED THEN


    UPDATE SET


        t.Name = s.Name,


        t.ContactDetails = s.ContactDetails,


        t.PurchaseHistory = s.PurchaseHistory


WHEN NOT MATCHED THEN


    INSERT (CustomerID, Name, ContactDetails, PurchaseHistory)


    VALUES (s.CustomerID, s.Name, s.ContactDetails, 

s.PurchaseHistory);

The merge operation gives you a lot of flexibility; it supports
various conditions, such as WHEN MATCHED, WHEN NOT MATCHED, WHEN
MATCHED AND, WHEN NOT MATCHED BY TARGET, and WHEN NOT MATCHED
BY SOURCE. These conditions allow you to define specific actions
based on the matching criteria, providing a powerful tool for
managing incremental data loads.
You can execute the same code in a Python script using the
DeltaTable API, offering the advantage of parameterizing the
code with arguments.

from delta.tables import *





dTable = DeltaTable.forPath(spark, \


f"abfss://{workspaceId}@onelake.dfs.fabric.microsoft.com/ \


{lakehouseId}/Tables/{schemaName}/{tableName}")





(dTable.alias("original")


 .merge(df.alias("updates"), f"original.{primaryKey} = updates.

{primaryKey}")


 .whenMatchedUpdateAll()


 .whenNotMatchedInsertAll()


 .execute()


)

Merge operations provide the advantage of handling data more
efficiently. However, complexities can arise when the source
data is not clean or when the join conditions are not
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straightforward. In such situations, additional data cleansing or
transformation steps might be necessary to ensure the merge
operation executes correctly. For example, if the dataset
includes duplicate entries, it might be essential to deduplicate
the data before performing the merge operation. Because of
this, complex merge operations are often performed in the next
layers of the Medallion architecture. I connect back to this with
concrete examples in Chapters 6 and 7.
Now that we’ve explored various batch-oriented methods of
data processing, let’s transition to Spark Structured Streaming:
a universal solution for streaming data ingestion.

Spark Structured Streaming
Stream processing is a technique that involves consuming
messages from queues or files, performing some processing
(such as querying, filtering, and aggregation), and then
forwarding the results to a sink (target destination) with
minimal latency. It’s different from batch or microbatch
processing,5 which typically occurs on a periodic basis.
When considering solutions for real-time stream processing,
Spark Structured Streaming is a strong option to take into
account, particularly because of its versatility and seamless
integration with any Spark-based platform. As explored in
Chapter 3, Spark Structured Streaming is particularly useful for
scenarios that require low-latency responses, as it can process
data in real time. For example, Spark Structured Streaming can
be used to process data from IoT devices, edge devices, or other
real-time data sources, such as financial transactions or
machine logs.
Consider the practical application of building a real-time
monitoring system for a fleet of airplanes. In such a scenario,
Azure Event Hubs can be used to ingest data from various
sensors and devices on each airplane and then process this data



in real time using Spark Structured Streaming. This can be
accomplished using programming languages such as C#, Java,
Python, or Node.js. An example of such an architecture can be
seen in Figure 5-10.

Figure 5-10. Architecture showing Event Hubs ingesting data using Spark
Structured Streaming

One of the advantages of Spark Structured Streaming is its
support for complex event processing, which enables handling
intricate queries and joining streams with static data or other
streams. This feature is crucial for applications that require
advanced analytics, such as recommendations or user activity
tracking. For example, building on the earlier illustration of a
real-time monitoring system for a fleet of airplanes, Spark
Structured Streaming could be expertly used by Oceanic
Airlines to monitor their aircraft fleet in real time. In the event
of an unexpected situation such as severe weather, the event
stream can instantly alert the relevant parties. This capability
enables quick decision making to reroute the aircraft or
implement necessary measures to ensure safety. Spark
Structured Streaming can be enhanced by integrating it with
Azure Event Hubs, as discussed in the next section.

Example with Azure Event Hubs
To set up Spark Structured Streaming in Spark in combination
with Azure Event Hubs, use the following code snippet:
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# Library that allows to stream content from Azure Event Hubs


%pip install azure-eventhub





ehConf = {}





# Azure Event Hubs connection configuration


connectionString = 

"Endpoint=sb://{NAMESPACE}.servicebus.windows.net/ \


{EVENT_HUB_NAME};EntityPath={EVENT_HUB_NAME}; \


SharedAccessKeyName={ACCESS_KEY_NAME}; \


SharedAccessKey={ACCESS_KEY}"





# For 2.3.15 version and above, the configuration dictionary


# requires that connection string be encrypted.


ehConf['eventhubs.connectionString'] = 

sc._jvm.org.apache.spark.eventhubs \


.EventHubsUtils.encrypt(connectionString)





# Streaming data from Azure Event Hubs


df = spark \


  .readStream \


  .format("eventhubs") \


  .options(**ehConf) \


  .load()





# Writing stream: Persist the streaming data to a Delta table


df.writeStream \


  .option("checkpointLocation","abfss://<abfss_location>") \


  .outputMode("append") \


  .format("delta") \


  .toTable("bronze.weather")

The process begins by installing the necessary library for
streaming content from Azure Event Hubs. The connection
configuration is then set up, including the connection string,
which is encrypted for security purposes. Next, the data is
streamed from Event Hubs into a DataFrame, which can be
written to a Delta table in the Bronze layer. The checkpoint
location is specified to store the metadata of the streaming



query, ensuring fault tolerance and enabling the query to be
restarted in case of a failure.
In addition to writing the streaming data to the Bronze layer,
the DataFrame can also be further processed using Spark
Structured Streaming. This framework enables the filtering,
cleansing, and transformation of data. The refined output can
then also immediately be stored in the Silver layer, where it
becomes available for more complex analysis and reporting.
This step significantly improves the quality and accessibility of
the data for downstream processes. We revisit this topic in
Chapter 6.
While the focus of this section has been on processing and
transforming data using Spark Structured Streaming, it’s
important to consider how data initially enters the system. This
brings us to the concept of using CDC, which plays a crucial role
in capturing changes from various data sources before they are
processed. While both methods enhance data handling, CDC
specifically focuses on the initial capture of data changes,
setting the stage for subsequent processing and analysis.

Using Change Data Capture
CDC is used to track changes in a database. It captures changes
made to the data, such as inserts, updates, and deletes, and
stores them in a separate table. CDC is particularly useful for
real-time data replication. It allows you to keep track of changes
in your data, enabling you to maintain an accurate and up-to-
date view of your data.
For example, Microsoft Fabric supports CDC through the use of
mirroring. With this feature, databases, such as the
AdventureWorks example, can be directly replicated into
Fabric’s OneLake (see “Tutorial: Configure Microsoft Fabric
Mirrored Databases from Azure SQL Database”).
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TIP
In addition to the CDC mechanisms discussed, incorporating change
data feed, particularly in lakehouse architectures using Delta Lake and
Spark, can significantly enhance the efficiency of data replication. This
method allows for more granular tracking of data changes—including
inserts, updates, and deletes—by offering a streamlined and scalable
approach to accessing change records.

CDC is a powerful tool, but it can also be complex to use. It
requires careful implementation and primary keys for the
mirroring process. Additionally, when there is a schema change,
a complete data snapshot is restarted for the changed table, and
all data is reseeded. Furthermore, not all column types are
always supported, so you need to ensure that the data types are
compatible between the source and target tables. Lastly, you are
tightly coupled to the real-time source database structures,
which often implies an additional layer for archiving and
implementing lightweight transformations, such as adding
metadata.

Navigating Data Handling Techniques
We have explored a variety of data handling techniques that
significantly enhance the way we manage and process
information. We began with traversing from Parquet files to
managed Delta tables, which offer enhanced performance and
the ability to time travel through data versions. We also covered
employing external tables for immediate data exposure. We
delved into the efficiency of updating tables with MERGE
operations, crucial for when you need to process only the
necessary changes, such as updates and new entries. Spark
Structured Streaming was highlighted for performing real-time
data transformations, while CDC exemplifies the zero-ETL



pattern by mirroring or capturing database changes in real
time.
Each of these patterns plays a pivotal role in modern data
architecture. As you consider these techniques, it is important
to weigh each pattern based on the specific scenario at hand
and the complexities involved in data acquisition. Often, a
blend of these approaches will coexist, tailored to meet the
unique demands of your architecture.
Having explored various data handling techniques and their
considerations, it’s crucial to address another foundational
aspect: schema management. Understanding and studying
schema management strategies is crucial, as they form the
foundation for the hands-on activities that follow later in
Chapter 6.

Schema Management
As “Schema Evolution and Management” highlighted, managing
schema evolution is crucial, especially in the Bronze layer,
which serves as the initial repository for raw data stored in its
original form. Think of schemas as blueprints that detail your
data’s structure, specifying data types and the relationships
among different data elements.
When it comes to managing schemas, you have several
approaches to choose from, each with its own pros and cons.
We’ll start by studying the simplest and most flexible method
and then move on to more structured and strict approaches.

Create Tables Without Defining Schemas
One of the simplest methods to generate tables in a lakehouse
involves not defining any schemas, thereby allowing Delta Lake
to manage the schema evolution. For instance, consider a
scenario where the desire is to avoid recreating tables every



time a pipeline runs, akin to the prior example. Instead, the
objective is to append and accumulate data, enabling Delta
Lake’s schema evolution features to handle varying data
structures as they are ingested over time. Additionally, the
decision might be made to partition the data by loading date to
enhance performance. In such a case, you can use the following
code snippet:

from delta.tables import *


from pyspark.sql.functions import current_date





# Delete any existing data


if (DeltaTable.isDeltaTable(spark, f"{schemaName}.{tableName}")):


    spark.sql(f"DELETE FROM {schemaName}.{tableName} \


    WHERE loading_date = current_date()")





# Read data


df = 

spark.read.parquet(f"Files/{schemaName}/{filePath}/{tableName}.parq

uet")





# Add a loading date column to the DataFrame


df = df.withColumn("loading_date", current_date())





# Write the data to the Delta table with schema merge


df.write.format("delta") \


    .mode("append") \


    .partitionBy("loading_date") \


    .option("mergeSchema", "true") \


    .saveAsTable(f"{schemaName}.{tableName}")

In this example, Delta Lake will merge the schema of the new
data with the existing schema of the Delta table. By including
the mergeSchema option in this operation, Delta Lake manages
the schema evolution. This means that any columns that are
present in the DataFrame but not in the target table are
automatically added on to the end of the schema as part of a
write transaction. Note that in this example, I’ve reused the
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variable names like schemaName, tableName, and filePath to
represent the schema, table name, and filepath, respectively.
For Microsoft Fabric, and similarly in Azure Databricks, you can
replace these with your own values.
This approach of accumulating data is simple and flexible. It
allows you to append new data to existing tables without
defining schemas. This flexibility is particularly beneficial when
you aim to incrementally stack data without concern for
schema modifications. For example, this is advantageous in
scenarios involving delta deliveries, where only the changes or
differences in data are transferred.
This method can also introduce risks, such as compromised
data quality and potential unforeseen changes in data formats.
These variations can make you lose control over your data
structures, making it harder to maintain compatibility with
downstream applications. To counter these risks, it’s essential to
incorporate checks in the subsequent layer.
Let’s consider a more structured approach. When data integrity
and consistency are paramount, establishing a schema can
prove highly advantageous.

Define Schemas with the DataFrame API
Defining schemas through the DataFrame API is another way to
manage schema definitions in a lakehouse. Here’s a code
example that will accomplish this:

from pyspark.sql.types import *





# Define the schema


schema = StructType([


    StructField("CustomerID", IntegerType(), True),


    StructField("NameStyle", BooleanType(), True),


    StructField("Title", StringType(), True),


    StructField("FirstName", StringType(), True)
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])





# Read the raw JSON data and apply the schema


df = spark.read.schema(schema).json("/path/to/raw/data")





# Write the DataFrame to a Delta table


df.write.format("delta").saveAsTable("adventureworks.customer")

The DataFrame API approach is excellent for managing
complex and nested data structures in Spark, especially with
unstructured data. It can be used for a schema-on-read
approach, where the query specifies the necessary schema,
such as column names and data types, from the raw data upon
loading into Spark (using DataFrames). If the schema cannot be
applied successfully, you can handle the situation by
implementing error-handling logic in your code.
Now, let’s shift focus to another method: using SQL data
definition language statements, which can streamline the
process of creating tables directly within your notebooks. This
schema-on-write approach is complementary to the schema-on-
read strategy, as it allows for the definition and enforcement of
data structures at the point of writing the data.

SQL DDL Statements
The next option is to write data definition language (DDL)
statements directly in Spark notebooks. This method is
particularly useful when consistency and integrity are
important.
The following SQL DDL statement creates a schema named
adventureworks:6

CREATE SCHEMA adventureworks

And the following SQL DDL statement creates a table named
customer within the adventureworks schema:
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CREATE TABLE customer (


    CustomerID INT COMMENT 'Customer identifier',


    NameStyle BOOLEAN COMMENT 'Style of the name',


    Title STRING COMMENT 'Title of the customer',


    FirstName STRING COMMENT 'First name of the customer'


)


USING delta

Using DDL statements in Spark notebooks, as demonstrated,
offers an efficient way to create tables, allowing for the rapid
setup and management of database structures directly within
the notebook environment. Additionally, since many other
(relational) databases utilize SQL DDL statements, this
approach is ideal for migration or schema replication scenarios
or reusing any existing DDLs, ensuring compatibility and ease
of integration across different platforms.

NOTE
In other Spark-based environments, specifying a location in the CREATE
TABLE statement designates the table as an external table.

The DataFrame API and SQL DDL statements are powerful tools
for customizing schemas, but their complexity can make
managing intricate data structures challenging. You can address
this by allowing an application to export its DDL as part of the
build process or by using a schema-on-write approach
combined with the mergeSchema option. This latter method
ensures strict data consistency at first while providing
flexibility as your data requirements change. Another option is
to manage schemas using separate configuration files. Let’s
explore how this works in the next section.

YAML or JSON Configurations



Using YAML (yet another markup language) or JSON
configurations is another effective method for defining
schemas. This technique excels when there is a need to store
schema definitions in a separate file, which can then be reused
across different notebooks or projects. YAML is particularly
beneficial due to its human-readable format. Its simplicity and
clarity make it ideal for configuration files and data exchanges,
where readability is paramount.
Moreover, YAML is quite flexible, allowing the easy addition of
extra metadata or comments. For instance, it is possible to
include a PII flag for each column to indicate if it contains
sensitive data. Another major advantage of using YAML or JSON
is that these files can be version-controlled separately from the
main codebase. This distinct separation enables teams to
efficiently track and manage changes to the data schema over
time.
Here’s an example of what a schema definition might look like
in a YAML format, within a file named schema.yaml:

columns:


  - name: CustomerID


    type: integer


  - name: NameStyle


    type: boolean


  - name: Title


    type: string


  - name: FirstName


    type: string


    PII: true

To integrate YAML files into a notebook, the PyYAML package
can be used. Here is a practical example demonstrating how to
load a YAML file and use it to generate a PySpark schema from
the data within. This code snippet contains two Python
functions specifically crafted to work with PySpark and YAML
for processing schemas detailed in a YAML file.
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NOTE
Install the PyYAML package by running the command pip install
PyYAML to follow along with this example.

The function load_yaml_file takes a filepath as input and reads
the YAML file. It employs yaml.safe_load() to securely parse the
YAML content into a Python dictionary. The function
generate_schema_from_yaml then takes this parsed YAML data as
input. It begins by extracting a list of columns from the data.
Subsequently, it iterates over each column, verifies the data
type, and adds a corresponding StructField to a StructType
object based on the column’s type (integer, string, boolean,
datetime). Here’s how these functions are structured:

import yaml


from pyspark.sql.types import *





# Function to Load YAML File


def load_yaml_file(yaml_file_path):


    with open(yaml_file_path, 'r') as file:


        schema_yaml = yaml.safe_load(file)


    return schema_yaml





# Function to Generate PySpark Schema from YAML Data


def generate_schema_from_yaml(yaml_data):


    columns = yaml_data['columns']


    schema = StructType()





    for column in columns:


        if column['type'] == 'integer':


            schema.add(StructField(column['name'], IntegerType(), 

True))


        elif column['type'] == 'string':


            schema.add(StructField(column['name'], StringType(), 

True))


        elif column['type'] == 'boolean':




            schema.add(StructField(column['name'], BooleanType(), 

True))


        elif column['type'] == 'datetime':


            schema.add(StructField(column['name'], Datetime(), 

True))





    return schema

The schema generated from the YAML file can then be used to
define the schema of a DataFrame. Here is an example of how
to use the functions to load a YAML file and generate a PySpark
schema:

# Load YAML File


schema_yaml = load_yaml_file('/path/to/schema/schema.yaml')


yaml_data = load_yaml_file(schema_yaml)


schema = generate_schema_from_yaml(yaml_data)





# Define DataFrame with Schema


df = spark.createDataFrame(data, schema=schema)

Using JSON or YAML configuration files is particularly
beneficial when dealing with a large number of columns or
complex schemas. These files allow you to define schemas in a
structured and organized way, making them easier to manage
and maintain. By specifying an explicit schema, you can ensure
data consistency and integrity, giving you greater control over
your data by enforcing an expected structure.
In this example, you used a simple schema with only a few
columns, but you can easily extend this approach to more
complex schemas with nested structures and additional
metadata. You can also extend this approach to generate a SQL
DDL statement from the YAML data before creating a table in a
lakehouse. This can be useful when you want to include more
complex data types or constraints in your schema definition.7



The only drawback of this approach is that JSON or YAML can
become large and unwieldy for complex schemas. For example,
if you have a schema with hundreds of columns or complex
nested structures, the JSON or YAML file can quickly become
difficult to manage. In such cases, it may be more efficient to
define the schema using a metadata-driven approach.

Metadata-Driven Approach
A metadata-driven approach is a more advanced method for
defining schemas. This approach involves storing schema
definitions in a centralized metadata repository, such as a
database or data catalog. The metadata repository contains
information about the structure of the data, including column
names, data types, constraints, and relationships between
different data elements. This metadata can be used to generate
schema definitions dynamically at runtime, allowing you to
adapt the schema to different data sources and destinations. In
Chapter 6, I demonstrate how to implement a metadata-driven
approach using an Azure SQL database.

TIP
Jaco van Gelder has released a function that skillfully manages the
addition of new columns to a database schema, making sure it doesn’t
duplicate or disrupt the existing column sequence. You can check out
the function on his GitHub page: “Jaco’s Schema Evolution Function”.

Implementing a metadata-driven framework can be complex
and time-consuming. As an alternative, let’s transition into
another powerful tool: Databricks Auto Loader. This technology
uses Structured Streaming under the hood and offers features
that enhance both batch and real-time data processing and
integration. Although this is a Databricks-only feature, it could
greatly simplify the process of managing schema evolution.
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Databricks Auto Loader
Auto Loader is an exclusive Databricks feature that simplifies
the process of ingesting data into existing tables.8 Essentially, it
operates as a Spark streaming mechanism with an added
feature for batch-driven ingestion. As it discovers files, Auto
Loader stores their metadata in a key-value store (RocksDB)
located in the pipeline’s checkpoint area. This storage method
ensures that each piece of data is processed exactly once.
Should a failure occur, Auto Loader can pick up where it left off
using the information saved in the checkpoint location. This
capability allows it to maintain exactly-once accuracy when
writing data into Delta Lake, without requiring you to manage
or maintain any state for fault tolerance or accuracy.
Auto Loader shines in the way it handles schema evolution.
When Auto Loader processes new files, it automatically infers
the schema from these files. As your incoming data evolves,
Auto Loader seamlessly integrates new schema attributes found
in incoming files with your existing schema. This automatic
merging means you don’t have to worry about mismatches
between old and new data formats. Auto Loader keeps
everything consistent and up-to-date, providing you with a
reliable view of your data.
If you prefer not to have the schema evolve automatically, you
can adjust the settings. For example, by setting
cloudFiles.schemaEvolutionMode to rescue, Auto Loader won’t
automatically update the schema. Instead, it will add a
_rescued_data column to your schema. The primary benefit of
this _rescue column is its role in facilitating a flexible and
resilient data management strategy. Storing unanticipated data
allows data engineers and analysts to review the changes in
data structure at their convenience. If the new data elements
are deemed to be permanent, the information stored in the
_rescue column can then be processed retrospectively. This
ensures that valuable data isn’t discarded and can be integrated
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into the main dataset, thereby enriching the data resources of
the organization. Moreover, this approach minimizes the need
for immediate modifications to the data ingestion pipelines,
which can be both disruptive and resource-intensive.
Auto Loader is also flexible in terms of data formats. It supports
a variety of data formats, including JSON, CSV, Parquet, Avro,
ORC, TEXT, and binary. It is designed for incremental data
ingestion from cloud object storage, but it can also be used to
incrementally copy all data from a specified directory to a
target table.
The following code snippet is designed for full data loads as
part of the Oceanic Airlines project. If you plan on using Azure
Databricks, feel free to use it as is or modify it to meet specific
needs.

# Fetch parameters from Azure Data Factory


catalogName="prod_sales"


schemaName=dbutils.widgets.get("schemaName")


tableName=dbutils.widgets.get("tableName")

filePath=dbutils.widgets.get("filePath")





# Fetch schema data from landing zone


jsonSchema = 

spark.read.parquet(f"/Volumes/{catalogName}/sources/landing/\


{schemaName}/{filePath}/{tableName}.parquet").schema.json()


ddl = spark.sparkContext._jvm.org.apache.spark.sql.types.DataType \


  .fromJson(jsonSchema).toDDL()





# Migrate parquet data to delta files


(spark.readStream


  .format("cloudFiles")


  .option("cloudFiles.format", "parquet")


  .option("cloudFiles.includeExistingFiles", "true")


  .option("cloudFiles.backfillInterval", "1 day")


  .option("cloudFiles.schemaLocation", 

f"/Volumes/{catalogName}/sources/\


  landing/{schemaName}/_checkpoint/{tableName}_autoload/")

  .schema(ddl)
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  .load(f"/Volumes/{catalogName}/sources/landing/\


  {schemaName}/{filePath}/{tableName}.parquet")


  .writeStream


  .format("delta")


  .option("checkpointLocation", 

f"/Volumes/{catalogName}/sources/landing/\


  {schemaName}/_checkpoint/{tableName}_autoload/")

  .trigger(availableNow=True) # Start immediately


  .toTable(f"bronze_{schemaName}.{tableName}")


)

The process begins by retrieving the schema of the Parquet file
from the landing location. This schema is then converted into
DDL format, which is used to create a table in the target
database. Utilizing Auto Loader, the Parquet data is migrated to
this newly created table. The backfillInterval option is
configured to 1 day, enabling Auto Loader to backfill data from
the previous day.

In the code snippet, you see both .schema and
.option("cloudFiles.schemaLocation") together. This can be
beneficial in scenarios where you want to enforce a specific
schema while also managing schema evolution. Here’s how
they work in conjunction:
Schema enforcement

By setting the .schema option, you ensure that the data must
conform to the specified schema. This can prevent errors
during loading if incoming data has unexpected columns or
data types that do not match the defined schema.

Schema evolution
This option specifies a location where the schema of the read
files is stored and maintained. By setting the .schema option
.option("cloudFiles.schemaLocation"), you allow Azure
Databricks to handle changes in the schema over time. For
example, if new columns are added to the incoming data,



Azure Databricks can update the schema stored at the
specified location, and subsequent reads will recognize these
new columns. Furthermore, you can set the
cloudFiles.schema​E⁠volutionMode option to the type of
behavior you want to enforce, such as addNewColumns, merge,
or failOnNewColumns.

Now that the capabilities of Databricks Auto Loader have been
explored, let’s quickly discuss some third-party tools that can
simplify and expedite the process, and then move on to the final
part of schema management: schema evolution best practices.

Third-Party Tools
Another option for defining schemas is to use third-party tools
that provide a graphical interface for designing and managing
schemas. These tools allow you to visually create and modify
schema definitions, making it easier to work with complex data
structures. Some popular tools in this category include
SQLAlchemy, SqlDBM, erwin Data Modeler, and Hackolade.
Third-party solutions offer a range of features for schema
design, data integration, and data quality management, making
them ideal for organizations with complex data requirements.
However, it’s important to consider potential drawbacks, such
as extra costs, integration efforts, and the possibility of vendor
lock-in, which could limit your flexibility in the future. These
factors should be carefully evaluated to ensure that the chosen
solution aligns with your organizational needs and long-term
strategy.
Let’s now move on to the final part of schema management:
schema evolution best practices.

Handling Schema Evolution
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Predefined tables offer several advantages over creating tables
on the fly when writing data to Delta Lake. They provide
greater control over the table schema and column types,
improving data quality and reducing errors. Additionally,
predefined tables enhance query performance by enabling
efficient partitioning. For example, partitioning data based on
the Region column allows for faster queries on large datasets
and specific company names.
When managing schema evolution and making your
architecture adaptive for change, consider the following best
practices:
Plan meticulously

Before making any schema changes, plan carefully and keep
detailed records of schema versions. This helps you track
and understand the evolution of your data schema over
time.

Test in a safe environment
Test schema changes in a development or testing
environment before applying them to production. This step
allows you to identify and resolve potential issues without
disrupting live data.

Maintain backward compatibility
Ensure that schema changes are backward compatible to
preserve data integrity. This prevents breaking existing
queries and applications that rely on the current schema.

Have a rollback strategy
Develop a rollback strategy to revert to a previous schema if
something goes wrong during the migration process. This
minimizes disruptions and maintains data integrity.

Use schema migration tools

https://github.com/ariga/atlas


Consider using database schema migration tools like Atlas
and Liquibase to automate and manage schema changes
effectively. These tools help version control your database
schema, apply changes incrementally, and track schema
changes over time. Alternatively, you can capture the
current DDL statements from your development
environment and check them into a code repository. For any
breaking changes, write a migration procedure. For
example, you could run a GitHub action on a pull request
from the development branch, auto-generate migration
scripts, and then provision these changes to the production
environment.

Use metadata-driven approaches or YAML configurations
By using metadata-driven approaches and/or YAML
configurations, you can automate schema changes and
ensure consistency across environments. This approach
simplifies schema management and reduces the risk of
human error.

By following these best practices, you can effectively manage
schema evolution in your Medallion architecture, ensuring data
consistency, integrity, and reliability.

Conclusion
Creating a queryable Bronze layer within the Medallion
architecture has proven to be a multifaceted challenge. This
process requires integrating numerous components and
services, each presenting unique challenges and demands.
Throughout this chapter, you successfully integrated your first
data source into the Bronze layer. You developed a pipeline that
moves tables from a sample database to the Bronze layer,
created a notebook, and loaded the Parquet files as Delta tables
in a Lakehouse entity. Additionally, you explored different
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approaches to the implementation of lakehouse tables and
schema management.
Despite the straightforward nature of the process, data
collection approaches can vary greatly across scenarios. Data
collection remains a fundamental challenge in data engineering
due to its complexity and the need for stability and reliability.
Consequently, many organizations develop multiple pipelines to
manage diverse data sources, each requiring a customized
approach, as there is no one-size-fits-all solution. Choosing the
right pattern depends on several factors, including data source
types, data volume, source system schema fluctuations, and
processing needs. Specific project requirements, like real-time
processing or batch jobs, and data delivery patterns, such as
delta deliveries or full data loads, also need to be considered.
Understanding the details of each pattern and how to apply
them in different scenarios is crucial for consistency and
success. I also recommended that you provide thorough
guidance and training, especially when multiple engineering
teams operate different platform instances within the same
organization. This ensures that everyone is on the same page
and follows the same best practices.
For example, if you’re dealing with periodic batch processing of
large data volumes, you might guide your teams to use Data
Factory for orchestration along with Delta tables for data
storage and processing. For real-time data streaming, Spark
Structured Streaming could be the go-to. And for scenarios that
require a mix of batch and real-time processing or direct data
access, combining external tables for direct queries with
Structured Streaming for data ingestion and processing might
be the best approach. So, it’s about understanding the nuances,
making careful trade-offs, and being consistent in your
approaches. Here are some key takeaways to help you build a
robust Bronze layer:



Acknowledge that each data source may present unique
challenges, such as structural or network constraints,
during integration. Maintain flexibility in your
onboarding strategies.

Design dedicated pipelines for each data source and use
templates for common processing steps to maintain
consistency and reusability.

Develop a strategy to manage schema evolution and
conduct technical validations effectively. Implementing
a metastore could be beneficial.

Organize data using distinct schemas or separate
Lakehouse entities for each source, ensuring alignment
with corresponding data pipelines.

Issue guidelines on whether Bronze data is already
accessible for end users or not.

In the next chapter, the focus shifts to constructing the Silver
layer. We will continue to use Microsoft Fabric and discuss
transforming data from the Bronze layer into a structured
format that is optimized for querying and analysis. This will
include activities such as cleaning the data to ensure its quality
and reliability. We’ll implement technical validation checks,
which act as a gate between the Bronze and Silver layers and
will be incorporated into the overall design in Chapter 6.

1  A pipeline is a logical grouping of activities that together perform a
task.

2  You can also perform looping activities by running Spark
notebooks from another notebook. This approach can be more
efficient and easier to maintain. For more information, visit “High
Concurrency Mode in Apache Spark for Fabric”.
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3  In this code snippet, tables are being dropped, with the
understanding that there is a fallback in the Parquet files. If this is
not the case, dropping any existing table can have severe
consequences. An alternative approach is to use the
createIfNotExists method, which creates a table if it doesn’t exist
but doesn’t overwrite it if it does.

4  If you’re setting up external tables in Lakehouse entities without
an enabled schema, check out Aitor Murguzur’s insightful blog.

5  The foreachBatch operation in Apache Spark is used primarily with
Structured Streaming to apply processing logic on each microbatch
of a stream.

6  The %%sql command in Spark-based environments is a magic
command that allows users to run Spark SQL queries against their
data stored in various data sources such as tables, views, and
external databases. When executing %%sql commands, users can
directly write Spark SQL code in the notebook and query their data
without the need to create a DataFrame or register a temporary
table.

7  Apache Spark does not enforce primary key or foreign key
constraints. It uses these keys primarily for informational purposes,
such as in a data catalog. You need to manually validate and
confirm key constraints before adding a primary or foreign key.

8  Auto Loader is specifically designed to function within the
Databricks environment and does not operate on other platforms.
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