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Medallion architecture best practices for managing bronze silver and gold

Streamlining Medallion Architecture — Best Practices For Efficient Ingestion & DeduplicationThe Medallion Architecture — structured into Bronze, Silver, and Gold layers — is widely adopted in modern data engineering to manage and process large-scale datasets. Implementing this architecture efficiently, however, can be challenging, particularly
when dealing with —Ingestion bottlenecks that slow data loading.Deduplication inefficiencies that waste computational resources.Managing incremental updates and ensuring optimized performance over time.This article focuses on addressing these challenges and explores best practices for improving ingestion, deduplication, and pipeline efficiency
across multiple platforms like Databricks (Delta Lake), Microsoft Fabric, Snowflake, and Azure Synapse Analytics. This guide will equip you to optimize your data workflows, reduce latency, and deliver cleaner, faster analytics-ready data.What Is The Medallion Architecture?The Medallion Architecture is a layered, modular approach to managing and
processing data in modern data platforms. It breaks down the data pipeline into three well-defined stages — Bronze, Silver, and Gold layers — each with a specific role in ensuring clean, efficient, and analytics-ready data.Bronze Layer (Raw Data Ingestion):The first stage where raw, unprocessed data is ingested directly from source systems.Data
formats: CSV, JSON, Parquet, log files, SQL tables, or data streams.Purpose: Serve as the immutable source of truth, capturing the full fidelity of the original data.Example: Transaction logs ingested from on-premises SQL servers, APIs, or IoT streams.Silver Layer (Cleaned & Deduplicated Data):Data from the Bronze layer is cleansed, deduplicated,
and pre-processed for downstream use.Common operations: Deduplication, filtering invalid records, schema enforcement, and incremental processing.Purpose: Provide reliable and clean data ready for transformation and curation.Example: Removing duplicate customer transactions, filtering out invalid timestamps, and normalizing schemas.Gold
Layer (Curated & Aggregated Data):Refined data from the Silver layer is aggregated, enriched, and transformed for analytics, reporting, and machine learning.Common operations: Summarization, joining datasets, and applying business-specific transformations.Purpose: Provide ready-to-consume data for BI tools, dashboards, and predictive
models.Example: Aggregated monthly sales metrics by product category for executive reporting. Why Use Medallion Architecture?The Medallion Architecture addresses common challenges in big data processing and analytics through -Scalability: It handles massive data volumes efficiently by breaking down processing into incremental
steps.Modularity: Each layer can be optimized independently, making the pipeline easy to manage and scale.Flexibility: Supports real-time streaming and batch processing workloads.Performance: Incremental transformations and deduplication ensure that only new or updated data is processed, reducing computation time.Reliability: Data lineage and
governance are maintained through each layer, providing consistent and traceable outputs.Platforms Supporting The Medallion ArchitectureThe Medallion Architecture can be implemented across leading cloud-based and on-premises platforms, including -Databricks With Delta Lake:Offers native support for Delta tables, ACID transactions, and
scalable processing.Optimizations like Z-Ordering, time travel, and auto-compaction enhance performance.Microsoft Fabric:Unified analytics platform supporting medallion-style pipelines using Synapse Data Engineering and Lakehouse architecture.Snowflake:Enables incremental data transformation with Streams and Tasks, ensuring efficient data
processing in Snowflake data lakes.Azure Synapse Analytics:Integrates with Azure Data Lake Storage and Spark pools to support modular ETL pipelines across Bronze, Silver, and Gold layers.As organizations scale their data pipelines, managing ingestion and deduplication becomes increasingly complex. Below are key challenges encountered when
processing large datasets across platforms like Databricks, Microsoft Fabric, Snowflake, and Azure Synapse Analytics.Large Datasets With Frequent UpdatesChallenge:Modern datasets often consist of millions of rows being ingested and updated daily. For example, transaction data, IoT sensor feeds, or logs may include new records alongside
updated or deleted ones.Large volumes of appends and updates can overload compute resources, leading to increased runtimes and costs.Repeatedly scanning the entire dataset (full-table scans) for every ingestion or transformation becomes unsustainable.Impact:Processing inefficiencies increase latency, making it difficult to deliver near real-time
or SLA-driven data outputs.Inefficient DeduplicationChallenge:Deduplication — removing duplicate rows and outdated versions of records — can be computationally expensive -Running the same queries repeatedly over massive datasets (e.g., deduplication in the Bronze layer) wastes resources and time.Lack of incremental processing means each
deduplication pass scans the entire dataset instead of only new or changed records.Impact:Inefficient deduplication results in prolonged notebook or query execution.For streaming datasets, inefficient deduplication can delay the data availability in downstream layers.Bottlenecks In Processing PipelinesChallenge:Inefficient pipeline design can
introduce performance bottlenecks -Sequential Processing: Processing steps dependent on each other lead to idle compute time.Inefficient Partitioning: Poor partition strategies increase shuffle operations during joins or aggregations.Redundant Computations: Recomputing transformations or deduplication without caching intermediate results
wastes resources.Impact:These bottlenecks degrade pipeline throughput, especially for time-sensitive workloads that demand low latency.Example:Running a deduplication query on unpartitioned data in the Silver layer causes excessive shuffling and long processing times.Handling Change Data Capture (CDC)Challenge:Managing incremental
changes (inserts, updates, and deletes) in datasets is critical for maintaining an up-to-date and clean pipeline -Late-arriving records can disrupt time-based deduplication logic.Deletes (e.g., GDPR compliance) and updates require careful orchestration across different time windows.Incorrect handling of CDC can result in duplicates or data mismatches
in downstream layers.Impact:Without proper CDC strategies, pipelines may over-process unchanged data or fail to maintain data consistency.The challenges of ingestion and deduplication revolve around scale, compute inefficiencies, and data consistency. Addressing these challenges requires a focus on -Incremental processing instead of full
scans.Optimized deduplication logic with partitioning and caching.Advanced Change Data Capture (CDC) strategies for handling updates and late-arriving data.Efficient data ingestion is the foundation of a scalable Medallion Architecture. Whether working with batch or streaming data, optimization strategies such as incremental ingestion, proper
partitioning, and parallelism are essential to reducing latency and improving pipeline throughput.Incremental Data IngestionConcept:Instead of processing entire datasets repeatedly, incremental ingestion only processes new or updated records. This can be achieved through techniques like Change Data Capture (CDC) or timestamp-based
filtering.Key Techniques:Use watermarks for event-time processing to avoid duplication and handle late-arriving data.Track processed states (e.g., latest timestamp or primary key) to ensure only incremental changes are ingested.Example In Databricks Spark:from pyspark.sql.functions import col# Filter only new or updated records based on a
timestamplatest processed time = "2024-01-01T00:00:00"bronze df = raw_df.filter(col("update _time") > latest processed time)# Append to Bronze Delta Tablebronze df.write.format("delta").mode("append").save("dbfs:/bronze/bronze table")Why It Works: Incremental ingestion significantly reduces compute overhead and processing time, ensuring
scalability even as data volume grows.Optimizing Data PartitioningConcept:Proper partitioning ensures that only relevant data is scanned during processing, minimizing I/O operations and shuffle overhead. Logical partitioning keys improve query performance and facilitate parallel processing.Best Practices:Partition By Logical Keys: Common choices
include event date, region, or update time.Leverage Partition Pruning: Ensure downstream queries can exclude irrelevant partitions automatically.Example Partitioning Strategy:For time-series data, use event date as the primary partition key.For geographically distributed data, use region or country.Example In

Spark:bronze df.write.partitionBy("event date").format("parquet").save("dbfs:/bronze/partitioned table")Why It Works: Logical partitioning minimizes file scans and enhances query efficiency, especially for large datasets.Bulk Loading & ParallelismConcept:Bulk ingestion improves throughput when handling large volumes of data. Combined with
parallel loading techniques, it ensures faster data transfers into the Bronze layer.Best Practices:Use optimized formats like Parquet or Delta that support columnar storage and efficient compression.Enable multi-threaded or parallel ingestion to maximize compute resources.Example In Snowflake:COPY INTO bronze tableFROM

@staging areaFILE FORMAT = (TYPE = 'PARQUET')PATTERN = '* parquet';Parallel Ingestion In Databricks: Use Auto Loader or distributed file systems for high-performance ingestion from cloud storage.spark.readStream.format("cloudFiles") \ .option("cloudFiles.format", "parquet") \ .load("s3://data-lake/staging/") \ .writeStream.option("path",
"dbfs:/bronze/streaming table") \ .trigger(availableNow=True).start()Why It Works: Optimized formats and parallel ingestion techniques minimize I/O bottlenecks, enabling high-throughput ingestion workflows.Streaming Vs. Batch IngestionConcept:The choice between batch ingestion and streaming ingestion depends on data latency requirements
and pipeline design.Best Practices:Use batch ingestion for datasets with periodic updates, such as nightly data loads.Use streaming ingestion for high-frequency updates, such as logs, sensor data, or clickstreams.Implement micro-batch processing to combine the benefits of both streaming and batch.Example With Kafka & Spark Streaming:from
pyspark.sql import SparkSessionspark = SparkSession.builder.appName("StreamingExample").getOrCreate()stream_df = spark.readStream.format("kafka") \ .option("kafka.bootstrap.servers", "localhost:9092") \ .option("subscribe", "sensor topic") \ .load()# Write to Bronze Tablestream df.writeStream.format("delta") \ .option("checkpointLocation",
"/delta/checkpoints/") \ .outputMode("append") \ .start("dbfs:/bronze/streaming data")Deduplication is critical when managing datasets with frequent updates or late-arriving records. Efficient deduplication ensures that redundant data is eliminated while maintaining the integrity and performance of the pipeline. Below are best practices to optimize
deduplication across platforms.Incremental Deduplication With Delta TablesConcept:Incremental deduplication avoids scanning the entire dataset repeatedly by leveraging merge operations for upserts (updates + inserts).When To Use:When working with Delta Lake or similar append-based table formats.For datasets with unique primary keys and
frequent updates.Example In Databricks Delta Lake: The MERGE INTO command efficiently handles row-level deduplication by comparing new records with the target table.from delta.tables import DeltaTable# Load the target Delta TabledeltaTable = DeltaTable.forPath(spark, "/silver table")# Merge incremental records from Bronze into
Silver(deltaTable.alias("target") .merge(bronze df.alias("source"), "target.id = source.id") .whenMatchedUpdateAll() .whenNotMatchedInsertAll() .execute())Why It Works:The MERGE INTO operation minimizes data movement and avoids the need for full table scans.It ensures updates, inserts, and deduplication occur atomically.Optimized
Deduplication StrategiesConcept:Optimized techniques like window functions and row hash comparisons can efficiently identify and eliminate duplicate records.Window Functions: Use window functions like ROW _NUMBER() to identify the latest record per unique identifier.Example In PySpark:from pyspark.sql import Windowfrom
pyspark.sqgl.functions import col, row_number# Define a window by ID and order by update timewindow spec = Window.partitionBy("id").orderBy(col("update time").desc())# Add row numbers to mark duplicatesdeduplicated df = bronze df.withColumn("row num", row number().over(window spec)) \ .filter(col("row num") ==

1).drop("row num")Row Hash Technique: Generate hash values for each row and compare hashes to identify identical rows efficiently.Example In PySpark:from pyspark.sql.functions import sha2, concat ws# Generate hash for each rowbronze df = bronze df.withColumn("row hash", sha2(concat ws("|", *bronze df.columns), 256))# Drop duplicates
based on the hashdeduplicated df = bronze df.dropDuplicates(["row_hash"])Why It Works:Window functions provide a straightforward way to keep the most recent version of each record.Row hashes reduce comparisons to a single column, improving performance for large datasets.Bloom Filters For Faster DeduplicationConcept:Bloom filters are
space-efficient data structures that provide approximate membership checks, reducing overhead when looking up existing records.When To Use:For large-scale deduplication where joins are involved.When the dataset size makes full table scans infeasible.Example For Bloom Filters In PySpark:from pyspark.sql.functions import col# Drop duplicates
using a simple Bloom-like filter approachdeduplicated df = bronze df.dropDuplicates(["id", "update time"])For advanced Bloom filter use cases, libraries like Apache Hudi natively support Bloom filters to optimize deduplication during record inserts.Why It Works:Bloom filters reduce the need for expensive full table lookups.They minimize memory
consumption while providing fast membership tests.Leveraging Change Data Capture (CDC)Concept:Change Data Capture (CDC) identifies and processes row-level changes (inserts, updates, deletes) incrementally. CDC tools or techniques ensure deduplication focuses only on changed data.Tools Supporting CDC:Debezium: Captures changes from
databases and streams them as events.Apache Hudi: Built-in support for incremental updates and upserts.Delta Lake’s MERGE INTO: Combines incremental ingestion with deduplication.Example Of CDC With Delta Lake:from delta.tables import DeltaTable# Merge changes into Silver tabledeltaTable.alias("target") \ .merge(bronze df.alias("source"),
"target.id = source.id") \ .whenMatchedUpdateAll() \ .whenNotMatchedInsertAll() \ .execute()Why It Works:CDC ensures that only new and changed records are processed, reducing compute and storage overhead.It seamlessly handles late-arriving or out-of-order updates.Optimizing notebooks and queries is crucial for improving the efficiency of data
processing pipelines. Inefficient queries and operations can cause bottlenecks, especially when working with large datasets in platforms like Databricks, Microsoft Fabric, or Snowflake. Below are the best practices for achieving high performance.Avoiding Full Table ScansConcept:Full table scans occur when the query reads all rows in a table, even
when only a subset of the data is needed. This leads to unnecessary I/O and compute overhead.Best Practices:Use predicate pushdown to filter data as early as possible in the pipeline.Add conditions in queries to minimize the rows being scanned.Ensure proper partition pruning to leverage logical partitions effectively.Example In Spark (Filter
Early):from pyspark.sql.functions import col# Filter only relevant rows based on update timefiltered df = bronze df.filter(col("update time") > "2024-01-01")filtered_df.write.format("delta").save("silver table")Why It Works:Predicate pushdown reduces the amount of data read from storage.Filtering early ensures that subsequent transformations
process a smaller dataset.Caching Frequently Accessed DataConcept:Frequent I/O operations on large datasets introduce latency. Caching intermediate results in memory reduces the need for repeated data reads.Best Practices:Use in-memory caching for data that is accessed repeatedly within a notebook or workflow.Use cache() or persist() in
Spark for temporary data.Example In Spark:# Cache the Bronze layer for reusebronze df = spark.read.format("delta").load("bronze table")bronze df.cache()# Perform operations on cached datadeduplicated df = bronze df.dropDuplicates(["id", "update time"])When To Use:For data that needs multiple transformations or queries within a
pipeline.When working with stable intermediate results.Why It Works:Caching minimizes disk I/O by keeping the dataset in memory, leading to faster query execution.File Compaction & Small File ManagementConcept:Small files cause inefficient reads due to high metadata overhead. File compaction consolidates small files into larger, more
optimized files.Best Practices:Use compaction tools to combine small files.Optimize tables regularly to maintain efficient data layouts.Example In Databricks (Delta Lake): Use the OPTIMIZE command to consolidate small files and optionally sort the data for better query performance.OPTIMIZE bronze table ZORDER BY (update time);Example In
Snowflake:ALTER TABLE bronze table RECLUSTER;Why It Works:Consolidating files improves read performance by reducing metadata operations.Z-Ordering ensures data is stored logically to enhance query performance for range-based filters.Concept:Parallelizing queries distributes work across multiple cores or nodes, significantly reducing
execution time for large datasets.Best Practices:Increase parallelism by adjusting shuffle partitions in Spark.Use multi-threading to execute independent operations concurrently.For partitioned data, ensure queries leverage partition parallelism.Example In Spark (Tuning Partitions):# Adjust shuffle partitions for better
parallelizationspark.conf.set("spark.sql.shuffle.partitions", "200")# Parallelize operations by leveraging Spark partitionsparallel df = bronze df.repartition("region").cache()Why It Works:Parallelizing queries allows better resource utilization.Tuning the number of partitions optimizes the workload distribution for shuffle-intensive operations.Avoid full
table scans using filters and predicate pushdown to minimize unnecessary reads.Cache frequently accessed data to reduce repeated I/O operations and improve latency.Compact small files using tools like OPTIMIZE or clustering to enhance query performance.Leverage parallelism by tuning partitions, multi-threading, and using distributed execution
strategies.Choosing the right platform to implement Medallion Architecture is crucial for efficiency, scalability, and cost optimization. Here, we compare major platforms like Databricks (Delta Lake), Microsoft Fabric, Snowflake, and Azure Synapse Analytics across key factors relevant to ingestion, processing, and performance.Overview:Databricks,
powered by Apache Spark and Delta Lake, is one of the most popular platforms for implementing the Medallion Architecture. Delta Lake enhances Spark with ACID transactions and schema enforcement.Key Features for Medallion Architecture -Bronze Layer: Delta tables allow easy append-only ingestion with support for Change Data Capture (CDC)
and incremental updates.Silver Layer: Supports deduplication, upserts (MERGE INTO), and optimized storage using Z-Ordering and file compaction.Gold Layer: Optimized query performance with caching, partitioning, and real-time analytics integration.Strengths:Delta Lake’s ACID compliance ensures reliability for large-scale pipelines.Rich support
for streaming (e.g., Spark Structured Streaming) and batch processing.Advanced optimizations like Z-Ordering and OPTIMIZE commands.Limitations:Requires high compute resources for intensive workloads.Can become costly without efficient resource management.Best Use Cases:Large-scale real-time pipelines with frequent updates.Multi-
structured data processing for AI/ML workflows.Overview:Microsoft Fabric unifies multiple data capabilities, including Data Factory, Synapse Analytics, and Delta Lake under a single SaaS platform. It supports the Medallion Architecture natively.Key Features For Medallion Architecture:Bronze Layer: Ingestion through Data Factory pipelines and
Delta Lake tables for incremental data processing.Silver Layer: Notebooks and Spark support for deduplication and transformations.Gold Layer: Real-time dashboards through Power BI integration.Strengths:Integrated ecosystem: Combines ingestion, transformation, and visualization seamlessly.Simplifies setup for incremental ingestion and
CDC.Native support for Delta Lake ensures compatibility with the modern data stack.Limitations:Relatively new platform; some advanced Spark features are still evolving.High reliance on the Microsoft Azure ecosystem.Best Use Cases:End-to-end data engineering pipelines with strong BI requirements.Scenarios where ease of integration and unified
platforms are critical.Overview:Snowflake’s cloud-native data platform supports the Medallion Architecture with its capabilities around storage, compute separation, and performance optimization.Key Features For Medallion Architecture:Bronze Layer: Bulk data loading using Snowpipe for continuous ingestion from cloud storage.Silver Layer: Built-in
support for deduplication, clustering, and partitioning.Gold Layer: Materialized views and optimized query performance for BI tools.Strengths:Automatic clustering and indexing for performance optimization.Supports semi-structured data formats (e.g., JSON, Parquet) natively.Near-instant elasticity with pay-per-query pricing model.Limitations:Lacks
native support for advanced CDC operations and streaming like Delta Lake.Requires manual management of deduplication logic using SQL scripts.Best Use Cases:Batch processing pipelines with highly structured or semi-structured data.Scenarios requiring simplified operations and auto-scaling capabilities.Overview:Azure Synapse combines big data
and data warehousing into a unified platform, making it a strong candidate for implementing the Medallion Architecture.Key Features For Medallion Architecture:Bronze Layer: Ingestion via Azure Data Factory and Synapse Pipelines. Supports PolyBase for large-scale data ingestion.Silver Layer: SQL pools and Spark pools for deduplication and pre-
processing.Gold Layer: Optimized for analytics using materialized views and Power BI integration.Strengths:Supports hybrid use cases (on-premises and cloud data integration).Integrated pipelines for ingestion, transformation, and analysis.Tight integration with Azure services like ADLS Gen2 and Power Bl.Limitations:Performance can lag for real-
time or streaming ingestion compared to Databricks.Requires tuning for large-scale Spark-based transformations.Best Use Cases:Batch-oriented pipelines where SQL-based transformations are dominant.Organizations deeply integrated into the Azure ecosystem.Databricks (Delta Lake): Best for real-time, large-scale pipelines requiring advanced
optimizations.Microsoft Fabric: Ideal for unified BI workflows and end-to-end data engineering.Snowflake: Excellent for structured batch pipelines with minimal operational overhead.Azure Synapse Analytics: Suitable for hybrid scenarios and SQL-heavy workflows.Ensuring data quality, monitoring performance, and implementing robust error
handling are critical to maintaining a reliable Medallion Architecture. This section provides actionable strategies and tools to achieve effective monitoring and validation.Implement Data Quality ChecksWhy Data Quality Matters:Data quality ensures accuracy, consistency, and completeness of the data flowing through Bronze, Silver, and Gold layers.
Poor data quality can propagate errors, leading to unreliable insights.Best Practices For Data Validation:Schema Enforcement & Consistency Checks:Ensure incoming data matches the expected schema, column types, and constraints.Use schema validation tools to catch discrepancies early.Example In Spark With Delta Lake:from pyspark.sql.utils
import AnalysisExceptiontry: spark.read.format("delta").load("path to bronze table").printSchema()except AnalysisException as e: print(f"Schema Mismatch: {e}")Data Quality Frameworks:Use tools like Great Expectations or Deequ to automate checks like record counts, null values, and duplicates.Create validation rules at ingestion and
transformation stages.Example Using Great Expectations:import great expectations as gecontext = ge.data _context.DataContext()# Define expectationsexpectation suite = context.get expectation suite("bronze quality checks")batch = context.get batch({"path": "path to bronze table"}, expectation suite)validation results =

context.run validation operator( "action list operator", assets to validate=[batch])Verify Record Counts:Compare source table row counts with the Bronze, Silver, and Gold layers to ensure no data loss during ingestion.Efficient pipeline performance requires continuous monitoring to identify bottlenecks and areas of improvement.Tools For
Monitoring Performance:Databricks Spark Ul:Monitor job execution plans, task distribution, and shuffle operations to optimize Spark jobs.Identify slow stages, partition issues, and resource utilization.Steps:Access the Spark Ul under job execution logs.Look for metrics like “Input Size”, “Shuffle Read/Write”, and “Executor Time”.Optimize based on
insights (e.g., adjust partitions, cache data).Snowflake Query History:Analyze query runtime, performance bottlenecks, and resource consumption in Snowflake.Use the Query Profile to identify inefficient joins or large table scans.Example SQL Query:SELECT query id, execution time, total partitions scannedFROM

snowflake.account usage.query historyWHERE warehouse name = 'PROD WH'ORDER BY execution time DESC;Microsoft Fabric Monitoring:Use Fabric’s Monitoring Dashboard to track pipeline execution time, data latency, and resource usage.Monitor notebooks and Spark pools for performance.Third-Party Tools:Integrate tools like Datadog,
Prometheus, or Grafana for real-time monitoring and alerting.Handling failures gracefully ensures robust data pipelines.Key Strategies For Error Management:Retry Mechanisms:Implement retry logic to handle transient ingestion failures due to network issues or resource contention.Example In Databricks Spark:from pyspark.sql import
SparkSessionimport timeretries = 3for attempt in range(retries): try: df.write.format("delta").mode("append").save("path to bronze") break except Exception as e: print(f"Attempt {attempt+1} failed: {e}") time.sleep(10)Alerting & Logging:Set up alerts to notify teams of pipeline failures using tools like Azure Monitor, AWS CloudWatch, or Slack
notifications.Use logging frameworks to capture detailed error logs for troubleshooting.Example With Logging In PySpark:import logginglogging.basicConfig(level=1logging.INFO)logger = logging.getLogger("bronze pipeline")try: df.write.format("delta").save("path_to bronze")except Exception as e: logger.error(f"Error during data ingestion:
{e}")Dead-Letter Queues (DLQs):For streaming ingestion, route corrupted or failed records to DLQs for further analysis and recovery.Example In Kafka:stream df = spark.readStream.format("kafka").option("failOnDataloss", "false").load()stream df.writeStream.format("delta").option("checkpointLocation", "/chkpt").start()Validating Late-Arriving
Data:Use event timestamps or watermarks to handle late records without affecting downstream pipelines.Summary Of Monitoring & Validation Best PracticesImplement automated data quality checks using tools like Great Expectations or validation scripts.Continuously monitor pipeline performance with built-in dashboards and query analyzers.Set
up robust error handling mechanisms, including retries, alerts, and logging, to maintain pipeline reliability.The landscape of data ingestion and deduplication continues to evolve, driven by advancements in AI/ML, real-time processing tools, and serverless computing. These emerging trends aim to enhance performance, reduce manual overhead, and
scale pipelines efficiently.Automation Of Ingestion Pipelines Using AI/MLAI/ML For Anomaly Detection:Machine learning models are increasingly used to identify anomalies, outliers, or corrupt records during data ingestion.Tools analyze patterns in incoming data streams and flag or correct issues before they propagate to downstream layers.Key
Features & Benefits:Dynamic Data Validation: Real-time anomaly detection enables dynamic schema enforcement and early issue identification.Automated Error Handling: Machine learning-driven pipelines can route erroneous data to Dead-Letter Queues (DLQs) or attempt intelligent fixes.Example Workflow:Use anomaly detection models to validate
data in the Bronze layer.Automate schema drift detection to adapt to evolving data structures.Code Example For Anomaly Detection Using PySpark:from pyspark.sql.functions import col, mean, stddev# Calculate mean and stddev for anomaly thresholdsstats = bronze df.agg(mean('value").alias("mean"),
stddev("value").alias("stddev")).collect()mean val, stddev val = stats[0]["mean"], stats[0]["stddev"]# Filter anomalies based on thresholdsanomalies = bronze df.filter((col("value") < mean val - 3*stddev val) | (col("value") > mean val + 3*stddev val))Real-Time Deduplication With Emerging ToolsApache Hudi & Apache Iceberg:Modern data formats
like Apache Hudi and Apache Iceberg are becoming the de facto tools for real-time deduplication in data pipelines.Apache Hudi: Designed for incremental processing and upserts, Hudi enables efficient deduplication during ingestion.Real-time upserts allow you to merge new or changed records directly into your table.Use Hudi’s record-level
deduplication to minimize latency and compute overhead.Code Example For Hudi Upsert:from pyspark.sql import SparkSessionspark = SparkSession.builder.appName("hudi example").getOrCreate()hudi options = { "hoodie.table.name": "silver table", "hoodie.datasource.write.operation": "upsert", "hoodie.datasource.write.recordkey.field": "id",
"hoodie.datasource.write.precombine.field": "update _time"}bronze df.write.format("hudi").options(**hudi options).mode("append").save("path_to hudi")Apache Iceberg: Iceberg supports incremental snapshots and efficient deduplication using advanced partitioning techniques.Iceberg simplifies deduplication by allowing time-travel queries and
incremental processing.Iceberg Example:INSERT OVERWRITE INTO silver tableSELECT DISTINCT * FROM bronze table;Key Benefits:Near real-time deduplication during ingestion with upserts and incremental updates.Reduced compute costs compared to reprocessing entire datasets.Serverless Architectures For Ingestion PipelinesServerless
computing enables cost-effective and scalable ingestion pipelines without requiring infrastructure management.Key Platforms For Serverless Ingestion:AWS Lambda (With S3 & Kinesis):Trigger Lambda functions for ingesting, validating, and pre-processing data in real time.Use S3 as the staging layer and AWS Glue for downstream ETL
processing.Example Workflow:New data in S3 triggers a Lambda function — Data is validated — Ingested into a Bronze layer.Example Code For AWS Lambda:import boto3def lambda handler(event, context): s3 client = boto3.client('s3') for record in event['Records']: bucket = record['s3']['bucket']['name'] key = record['s3']['object']['key'] print(f"New
file: {key} in bucket: {bucket}")Azure Functions With Event Grid & Blob Storage:Azure Functions automate data ingestion and transformations when new files land in Azure Blob Storage.Integrate with Event Grid for real-time notifications.Google Cloud Functions With Pub/Sub:Use Pub/Sub to trigger serverless processing workflows in Cloud
Functions for streaming ingestion.Key Benefits Of Serverless Ingestion:Scalability: Dynamically scales based on data volume without manual intervention.Cost Efficiency: Pay only for the execution time of functions.Low Maintenance: Reduces the overhead of infrastructure provisioning.Key Takeaways For Future TrendsEfficiency Is Key To
Scalability:Efficient ingestion and deduplication processes are the backbone of robust Medallion Architectures. Managing large datasets with frequent updates requires careful optimization to ensure pipelines remain performant and cost-effective.Leverage Incremental Processing:Incremental ingestion, Change Data Capture (CDC), and optimized
deduplication techniques like MERGE INTO, bloom filters, and window functions significantly reduce redundant processing and latency.Optimized Partitioning & File Management:Logical partitioning, predicate pushdown, and file compaction (e.g., using OPTIMIZE commands in Delta Lake or Snowflake) minimize I/O operations and improve query
performance.Choose The Right Platform:Whether using Databricks (Delta Lake), Snowflake, Microsoft Fabric, or Azure Synapse, align your platform choice with the specific needs of your workload — batch vs. streaming ingestion, latency requirements, and cost optimization.Adopt Emerging Tools & Trends:Embrace real-time tools like Apache Hudi
and Iceberg for dynamic deduplication and serverless ingestion pipelines for scalability. Monitor trends like Al-driven anomaly detection and automation to stay ahead.Adhering to these best practices has enabled teams to build robust, scalable, and future-proof Medallion Architectures capable of handling massive datasets while maintaining
performance and cost-efficiency. Armed with all the knowledge shared in this article, now you too can aspire to do so! Many of my clients employ a Medallion structure to logically arrange data in a Lakehouse. They process incoming data through various stages or layers. The most recognized layout, illustrated below, incorporates Bronze, Silver, and
Gold layers, thus the term “Medallion architecture” is used.Although the 3-layered design is common and well-known, I have witnessed many discussions on the scope, purpose, and best practices on each of these layers. I also observe that there’s a huge difference between theory and practice. So, let me share my personal reflection on how the
layering of your data architecture should be implemented.Data platform strategyThe first and most important consideration for layering your architecture is determining how your data platform is used. A centralized and shared data platform is expected to have quite a different structure than a federated multi-platform structure that is used by many
domains. The layering also varies based on whether you align platform(s) with the source-system side or consuming side of your architecture. A source-system aligned platform is usually easier to standardize in terms of layering and structure than a consumer-aligned platform given the more diverse data usage characteristics on the consumption...



