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CHAPTER 1
Reproducibility

A Note for Early Release Readers

With Early Release ebooks, you get books in their earliest form—the author’s raw and
unedited content as they write—so you can take advantage of these technologies long
before the official release of these titles.

This will be the 3rd chapter of the final book. Please note that the GitHub repo will be
made active later on.

If youd like to be actively involved in reviewing and commenting on this draft, please
reach out to the editor at gobrien@oreilly.com.

Data transformation pipelines can’t just produce correct results once. They need to
produce the same results reliably under the same conditions every single time. That’s
reproducibility.

Reproducibility in Pipelines

In data engineering, reproducibility means you can re-run a data transformation
process and get identical results, assuming the inputs and conditions stay the same.
Think of the ideal data pipeline as a pure function: input => output (#goals). If you
run the same input with the same configuration and environment against the same
input data, you should get the same output.

Reproducibility builds trust. It ensures results aren’t a one-off accident but the consis-
tent outcome of a defined process. When you have reproducibility, teams can verify
results, debug issues by recreating scenarios, and reliably update data outputs when
source data or business logic changes. Reproducibility is closely tied to determinism.




Determinism means that given the same input, a process will always produce the
same output, just like the pure function above. There’s no randomness, no variability
based on timing, no dependency on external factors that might change. Deterministic
practices are why a pipeline behaves predictably. Reproducibility is the goal (being
able to recreate results), and determinism is a key principle that makes it possible.

People sometimes conflate reproducibility with consistency, auditability, and data
quality. Let’s set clear definitions.

Consistency refers to uniformity and coherence of data at a given point. Like making
sure all parts of a dataset follow the same definitions or that data isn’t contradictory
across systems. A reproducible pipeline contributes to consistency over time since
each run produces consistent results. But consistency can also mean transactional
consistency (like ACID databases ensuring operations are applied atomically) or
conceptual consistency of metrics. Reproducibility is about being able to repeat the
process. Consistency is about the state of the data at one time, no partial updates or
conflicting values.

Auditability focuses on traceability. Can you track what happened in a pipeline? Who
ran what, when, and how was the data changed? An auditable pipeline keeps detailed
logs, version histories, and lineage so every change or result can be traced and
examined. Auditability and reproducibility work together. Auditability ensures you
can inspect and trace past results. Reproducibility ensures you can rerun and verify
those results. Mature data workflows treat auditability as requiring reproducibility.

Data quality refers to the accuracy, completeness, and validity of data. While a repro-
ducible pipeline helps maintain quality by eliminating random errors and making it
easier to test and re-run validations, it doesn’t guarantee correct results on its own. A
pipeline can be consistently reproducible yet consistently wrong if the logic is flawed
or the input data is bad. Reproducibility just guarantees you'll get the same result
given the same inputs. It doesn’t automatically mean the result is correct.

Reproducibility Factors

Reproducibility can be challenging. There are technical and organizational factors
at play. Understanding these factors is the first step to success. Here are common
anti-patterns that prevent pipeline reproducibility.

Mutable or Unstable Data Sources

Make friends with software engineers. If your upstream source data changes over
time in uncontrolled and unexpected ways, it’s hard to reproduce past results. Imag-
ine a source system that retroactively modifies or deletes historical records without
notice. Running the pipeline today on “the same” date range as a month ago might
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yield different outputs. Without versioned snapshots of input data, pipelines can’t be
rerun exactly as before.

Late-arriving data or data that gets corrected at the source can also introduce discrep-
ancies if not handled correctly. When source data isn't immutable or historically
accessible, reproducibility suffers because the inputs aren’t truly the same on each
run.

Version Control for Code and Models

If the transformation code (SQL, Python scripts, SQLMesh, etc.) isn’t rigorously
version-controlled, it’s difficult to recreate the exact logic used in a prior run. Teams
that modify pipeline code without tracking versions will struggle to reproduce an
earlier state of the pipeline. Without history, you can't roll back to the exact code used
at a given time. Past results may be irreproducible.

The same goes for Al and machine learning pipelines. Not versioning models or
parameters means you can't later rerun the pipeline with the same model to get the
same outcome.

Dependency and Environment Drift

Data pipelines have many dependencies: libraries, database engines, hardware, OS
environments, or configuration settings. If dependencies aren’t controlled, the pipe-
line might produce different results in different environments or at different times.

An update to a Python library or a change in the SQL engine’s behavior could break
the pipeline. Environment drift is a silent killer. Environment drift occurs when the
production environment slowly diverges from the development/test environment or
from what existed when the pipeline was first built. If someone reruns a pipeline on a
new server or a container with mismatched packages, results can differ from previous
runs.

Without environment isolation and dependency management, youw'll suffer from the
“it works on my machine” syndrome. Consistent, reproducible pipelines require
stable versions of dependencies and execution environments.

Non-Deterministic and Time-Sensitive Logic

Pipelines that include non-deterministic operations or depend on specific timing can
yield inconsistent results—using a random sample without a fixed seed. Iterating over
an unordered set where the order of processing could vary run to run (we’re looking
at you SELECT *). Relying on the current timestamp inside the transformation logic.
All these can make outputs vary.
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If a pipeline processes “today’s data up to now; then running it at different times
yields different outputs. This complicates reproducibility unless you can fix the
execution time or inputs. Any logic that isn’t purely functional, depending only on
inputs, can hurt reproducibility—even external calls, like hitting an API that might
return dynamic results, introduce variability.

Poor Documentation and Discipline

Organizational culture and practices have a huge impact on data pipeline quality.
If how the pipeline runs isn't documented (required configuration, manual steps,
special parameters used), reproducing it by a different team member or after some
time becomes error-prone (refer to Chapter 2: Spec Writing).

A lack of clear procedures for running or deploying the pipeline, like not recording
that a backfill was done with an ad hoc script, or not noting that data was manually
adjusted, is a reproducibility nightmare. DataOps practices are far behind DevOps,
but they’re catching up. Why’s that important? If there’s no culture of testing or code
review, changes that unintentionally alter outputs might slip in, going unnoticed until
much later.

Tribal knowledge is a common anti-pattern. Pipelines that rely on an individual
remembering to do X when Y happens can’t be reliably repeated by others. Well-
documented steps and strong DataOps processes, like requiring all changes to go
through version control and CI/CD, improve reproducibility by ensuring everyone
runs the pipeline consistently.

Configuration Drift

Beyond code and data, pipeline components usually have configuration files, environ-
ment variables, and infrastructure setups that affect behavior. If these configurations
drift, reproducing the pipeline end-to-end might fail or produce different results.

Imagine an engineer updates a config in one environment but not another, or secrets/
credentials expire. Without central management of configuration (preferably also
version-controlled, which we'll discuss in the next section) and alignment between
transformation stages, the pipeline won’t be portable. If the orchestration (workflow
definitions) isn’t versioned or if schedules and triggers change without record, it’ll be
hard to know how the pipeline was executed.

Anything that introduces variability in the input data, code, environment, or manual
procedure prevents reproducibility. Recognize these pitfalls and address them with
engineering and governance best practices, ideally during the pipeline design process.
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Techniques for Reproducibility

Reproducibility requires a combination of technical practices and design principles to
make pipelines deterministic, traceable, and repeatable. Here are best practices that
enable reproducible data transformation pipelines.

Version Control (Git) and Docs-as-Code

Use version control for everything. Code, configuration, even documentation. Storing
pipeline code (SQL queries, scripts, ETL workflows) in a Git repository ensures every
change is tracked and historical versions can be retrieved. You can always rerun
an older version of the pipeline if needed or pinpoint when a change in logic was
introduced.

Version control the specifications and documentation of the pipeline, too. A Docs-as-
Code approach keeps the design spec, data model definitions, and business logic
documentation in the same repository as the code. Your documentation gives you a
record of the intended behavior at each release.

What's a practical way to do this? Write specs in Markdown or YAML and manage
them with Git alongside the code. When spec and code evolve simultaneously under
version control, you can reproduce the code state and also understand the why
behind that code. Version control systems facilitate reproducibility through tags or
release versions. You can tag a particular pipeline release that produced a specific
report, then later check out that tag to reproduce the report. Adopting consistent,
disciplined version control provides a strong foundation for reproducibility.

Deterministic Transformation Logic

Make pipeline operations deterministic so repeated runs produce identical outcomes.
Eliminate sources of randomness or variability in your code.

If your pipeline uses sampling or a random generator (like in data augmentation
or splitting), always set a fixed seed so results are the same each run. Don't rely on
system time or the order of unordered data structures in your computations. If your
code iterates over a set or dictionary, which in some languages is unordered, explicitly
sort it to ensure consistent processing order.

# Bad: Non-deterministic sampling
sample = df.sample(n=1000)

# Good: Fixed seed for reproducibility

sample = df.sample(n=1000, random_state=42)
Deterministic logic means designing idempotent transformations (we’ll dig into this
more in the Idempotency section). Reprocessing the same records shouldn’t duplicate
or diverge. Another aspect is handling time-based partitions or incremental logic
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thoughtfully. If today’s run processes yesterday’s data, make the date window parame-
terized so re-running for a past date uses the intended fixed window.

-- Bad: Uses current date, not reproducible
SELECT * FROM orders WHERE date = CURRENT_DATE - 1

-- Good: Parameterized date for reproducibility
SELECT * FROM orders WHERE date = '{{ run_date }}'

Coding with deterministic functions and controlled inputs helps the pipeline behave
like a function. Specific inputs equal specific outputs. This makes debugging and run
comparisons much easier because the logic itself is deterministic.

Environment Isolation and Dependency Management

Standardize and isolate the execution environment so the pipeline runs the same way
everywhere.

Containerization and environment management using tools like Docker or Kuber-
netes encapsulate the pipeline’s runtime (OS, language runtime, libraries, etc.) that
can be redeployed consistently. At a minimum, use virtual environments or depend-
ency lock files like a requirements.txt or lockfile for Python, or environment.yml for
Conda. Pin library versions and ensure anyone running the pipeline installs the same
versions.

# Example Dockerfile for reproducible environment

FROM python:3.9-slim

COPY requirements.txt .

RUN pip install --no-cache-dir -r requirements.txt

COPY pipeline/ /app/pipeline/

WORKDIR /app
Infrastructure-as-code (IaC) could also be employed using Terraform or similar, so
infrastructure can be reproduced. Many teams maintain dev/test/prod parity. The
environments are as similar as possible. A pipeline tested in dev is reproducible in
prod.

Environment isolation extends to data platform dependencies. Use a consistent ver-
sion of the SQL engine or Spark, and be cautious when upgrading those. Test for
any changes in results. By eliminating environmental differences, you ensure the
only factors influencing pipeline output are the code and data, which are already
controlled using version control, CI/CD, etc.

Declarative Frameworks and Pipeline-as-Code

Declarative tools let you specify what the outcome should be (the target model or
table and how it’s defined) rather than writing detailed instructions for how to do it.
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This higher-level approach means the framework itself handles a lot of reproducibil-
ity nuts and bolts for you.

SQLMesh, for instance, parses your SQL logic and tracks dependencies between
models. It enables features like automated backfills and environment promotion.
Declarative frameworks treat transformations as code (usually SQL files with
MODEL DDL blocks), which are easy to version control and test. They also often
include built-in capabilities for environment isolation at the data level, like the ability
to generate a dev environment where you can run the pipeline without affecting
production data.

-- Example declarative pipeline definition in SQLMesh
MODEL (

name example.fact_sales,

kind FULL,

owner 'analytics_team',

description 'Daily sales aggregation'

);

SELECT
transaction_date AS date,
product_id,
SUM(amount) AS total_sales
FROM staging.raw_sales
GROUP BY transaction_date, product_id;
Since the pipeline is described in a structured way, it’s easier for others to understand
and rerun it. Using a declarative, model-driven approach gives your pipeline more
consistent, reproducible behavior.

Wait! Where is ORDER BY? Don’t you need that to retrieve the same results every
time? ORDER BY isn’t required in this fact_sales aggregation example because the
model produces a complete result set that will be stored as an unordered table in the
database. GROUP BY already ensures deterministic results - the same input data will
always produce the same aggregated output, regardless of row order. Adding ORDER
BY would waste compute resources since the ordering would be discarded when the
table is materialized. However, ORDER BY becomes essential for reproducibility when
you're limiting results or using row-dependent operations.

For example:

-- Example where ORDER BY is needed for reproducible results
MODEL (

name example.top_products_daily,

kind FULL,

description 'Top 10 products by sales each day'

);

SELECT
date,

Techniques for Reproducibility | 15



product_1id,
total_sales,
ROW_NUMBER() OVER (PARTITION BY date ORDER BY total_sales DESC) as rank
FROM (
SELECT
transaction_date as date,
product_id,
SUM(amount) as total_sales
FROM staging.raw_sales
GROUP BY transaction_date, product_id

)
WHERE rank <= 10
ORDER BY date, rank; -- Ensures consistent ordering for downstream consumers

Without the ORDER BY in the window function, the ranking would be non-
deterministic when products have identical sales, potentially producing different
results across runs.

Metadata and Lineage Capture

Track detailed metadata about pipeline executions and data lineage. Reproducibility
isn’t just about getting the same result. It’s also about knowing how that result was
produced.

By capturing lineage (which data sources and transformations led to a given output),
you create a map that can be used to reproduce or troubleshoot outputs. Who doesn't
love a map? Modern data catalogs and orchestrators often provide lineage graphs,
and frameworks like OpenLineage standardize the collection of this information.
SQLMesh provides column-level lineage, while dbt provides model-level lineage.

Your pipeline should log what input data versions or timestamps it processed and
which code version produced the output. If a pipeline run produces a table, attach
metadata like “this table was generated by pipeline X run ID 123 on date Y using
commit Z of the code” This makes it far easier to rerun later or verify that exact
scenario.

Lineage metadata helps you answer questions. If this number looks off, which raw
files or source records went into it? Storing metadata about row counts, timestamps,
and checksums of outputs for each run can help compare runs for differences. Some
teams even implement data versioning systems like lakeFS or Delta Lake and Apache
Iceberg’s time-travel features to snapshot data at each run. This way, not only is code
versioned, but the data state is too. True reproducibility of a past state is only possible
when you can query the historical snapshot.

Traceability through metadata is a powerful tool for reproducibility. If you know the
inputs and what code ran, you can reconstruct the pipeline’s behavior.
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Testing and Assertions

Embed tests and assertions in your pipeline to ensure changes or reruns don't pro-
duce unexpected results.

Treat data pipelines with the same rigor as software. This includes testing. Unit tests
can be written for transformation logic. Given an input, does the SQL logic produce
the expected output? Data tests or assertions can run as part of the pipeline to
validate outputs. Many SQL modeling frameworks support tests. In our SQL Sushi
example, the spec defines tests like uniqueness or referential integrity on columns.
These run to catch any deviations in the output.

# Example data quality test

def test_sales_never_negative():
result = run_query("SELECT COUNT(*) FROM fact_sales WHERE amount < 0")
assert result[0][0] == 0, "Found negative sales amounts"

def test_daily_record_count_stable():
yesterday_count = run_query("SELECT COUNT(*) FROM fact_sales WHERE date = CURRENT_DATE - 1")
day_before_count = run_gquery("SELECT COUNT(*) FROM fact_sales WHERE date = CURRENT_DATE - 2")
yesterday_value = yesterday_count[0][0]
day_before_value = day_before_count[0][0]
assert abs(yesterday_value - day_before_value) / day_before_value < 0.05, "Daily count varied

If a pipeline is reproducible, a test failing in a new run usually indicates that either

data or logic has changed. Having a suite of tests helps ensure that when you refactor
or upgrade the pipeline, it still produces the same results on a known dataset.

Assertions within the pipeline act as canaries in the coal mine if a run diverges from
historical patterns. When such assertions fail, you're alerted that the current run isn't
consistent with previous runs and prompted to investigate.

Testing prevents silent drift. Incorporating continuous integration for your data pipe-
line code, where every code change triggers a test run on sample data or in a staging
environment, can catch non-reproducible changes early. If a source system develo-
per’s schema change causes the output to differ from a baseline result unexpectedly,
tests flag it before it hits production. This is the basic concept behind data contracts.
By building in these checks, you ensure each pipeline run remains consistent with the
intended behavior, or that intentional changes are surfaced and reviewed.

Raw Data Retention
Keep a copy of your raw input data. Or at least be able to access historical inputs.

One of the biggest barriers to reproducibility is when the original data is no longer
available or has been altered. To counter this, design your data architecture with a raw
data retention policy. If you ingest files daily, don’t discard or overwrite those raw files
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after processing. Store them in a raw archive (data lake or cloud storage) partitioned
by date.

If you consume messages from a stream, consider using a technology that retains
history, like Kafka with log retention or Delta Lake for a bronze table of raw events.
You don’t have to keep records forever, but you should have a purposeful retention
policy in place.

By having the raw dataset, you can re-run the pipeline on exactly what was received
at that time. This could be implemented with a medallion architecture (Bronze, Silver,
Gold layers), where Bronze retains all original data unmodified. Alternatively, you
might use data versioning tools to tag snapshots of data.

Raw data retention goes hand-in-hand with backfilling, the ability to reprocess histor-
ical periods. Keeping historical raw data (and the ability to isolate it by date/version)
means you can backfill old results whenever logic updates or an issue needs investiga-
tion. You can produce outputs as if you had run the pipeline back then.

Treat raw data as the system of record and never destructively update it. Append new
data or mark corrections separately so the pipeline can always be pointed at a known,
unchanging set of input for any given period.

Audit Trails and Logging

Maintain detailed logs and run records for pipeline executions. This includes logging
the start/end of each job, configuration settings used, number of records processed,
any errors or warnings, and the identity of the code version or person who triggered
it. Many orchestration tools (Apache Airflow, Dagster, Prefect) maintain run histories
where you can inspect execution status, duration, and associated logs through their
web Uls or APIs.

These logs help you understand the conditions of each run. Compare log parameters
between runs to ensure nothing significant has changed. An audit trail might record
data quality metrics for each run: null value counts, processing duration, schema vio-
lations, and data volume changes. These metrics can signal if a run was anomalous.

# Example audit logging with proper error handling and structured logging
import logging

import json

import os

import subprocess

from datetime import datetime

from typing import Dict, Any

def get_current_git_commit() -> str:
"""Get current git commit hash safely.
try:

return subprocess.check_output(
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['glt', 'rev-parse', 'HEAD'],
text=True
).strip()
except (subprocess.CalledProcessError, FileNotFoundError):
return "unknown"

def log_pipeline_run(
pipeline_name: str,
input_count: 1int,
output_count: int,
duration: float
) -> None:
""" og pipeline execution details for audit trail."""
audit_entry: Dict[str, Any] = {
"pipeline": pipeline_name,
"timestamp": datetime.utcnow().isoformat() + "Z", # ISO 8601 with timezone
"{nput_records": input_count,
"output_records": output_count,
"duration_seconds": duration,
"gilt_commit": get_current_git_commit(),
"environment": os.environ.get("ENV", "unknown"),
"user": os.environ.get("USER", "system")

}

# Use structured logging for better parsing
logger = logging.getlLogger(__name__)
logger.info(
"Pipeline run completed",
extra={"audit_data": json.dumps(audit_entry)}

)

# Write to persistent storage (implementation depends on your infrastructure)
# write_to_audit_table(audit_entry)

By auditing every pipeline execution, you make the pipeline’s operation transparent
and repeatable. If an output is questionable, you can refer to the audit log to see
exactly which run and conditions produced it.

Audit trails also support compliance. If youre in a regulated industry, you might
need to prove that your results are correct and how they were produced. Having
that historical record ensures you can demonstrate reproducibility and adherence to
process.

In practice, implementing audit trails means writing to dedicated audit tables or
time-series databases for each batch job (recording job ID, timestamp, row counts,
checksums, data lineage metadata). Configure structured logging with appropriate
log levels for granular inspection. Use tools that automatically capture lineage and
runtime details like Dagster’s event logs, MLflow for ML pipelines, or OpenLineage
for cross-platform lineage tracking.
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The combination of these logs with the earlier points (version control, data snap-
shots) forms a comprehensive picture. Any future engineer can use it to step into the
shoes of a past run and repeat it with confidence.

|dempotency

Idempotency is a fundamental principle in system design, and its critical for data
pipelines. An operation is idempotent if performing it multiple times has the same
effect as performing it once. Once an idempotent operation has been executed suc-
cessfully, all identical executions won’t change the outcome.

In the context of data transformation, idempotency means running a pipeline step, or
series of steps, repeatedly on the same input doesn’t introduce duplicates, errors, or
inconsistencies. The result remains consistent and unchanged. This principle is vital
for reproducibility and reliability because, in real-world data operations, we need to
retry or re-run tasks often. Networks fail and jobs crash. Upstream systems deliver
late data. Or we simply need to reprocess a past date (more on that in Chapter 2).

If our pipeline isn't idempotent, a retry can corrupt the data. A non-idempotent
pipeline may load the same records twice or add the same incremental values again.
We want to design our pipelines such that reprocessing is safe, whether we run
something once or three times.

Idempotency provides safe reprocessing and reproducibility over time. If a pipeline
is idempotent, you can re-run it to reproduce results or backfill data without side
effects. If it’s not, then reproducing a result might require manual cleanup or risk
inconsistency.

Ensuring idempotency typically involves identifying unique keys or natural identifi-
ers in the data and using them to avoid duplicate processing. It also often requires
resetting or removing previous outputs before writing new ones. Here are some
common strategies to achieve idempotency in data pipelines.

Upserts (Insert/Update or MERGE operations)

Instead of blindly appending data on each run, use upsert logic where each record is
either inserted if new or updated/replaced if it already exists based on a key.

Most databases and data lake engines support a MERGE statement that can do this. For
example, merging on a primary key like transaction_id means running the pipeline
twice won't duplicate the transaction. The second run will find the existing records
and update or ignore them as needed, leaving the net result the same.

-- Example MERGE for idempotency

MERGE INTO fact_sales AS target

USING staging_sales AS source

ON target.transaction_id = source.transaction_1id
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WHEN MATCHED THEN
UPDATE SET
amount = source.amount,
updated_at = CURRENT_TIMESTAMP
WHEN NOT MATCHED THEN
INSERT (transaction_1id, amount, created_at, updated_at)
VALUES (source.transaction_id, source.amount, CURRENT_TIMESTAMP, CURRENT_TIMESTAMP);

This approach assumes your target system can handle deduplication on write. In
batch processing, implementing upserts might mean using staging tables or writing to
a temp table, then merging into the target.

Insert Overwrite

Another pattern is the delete and insert approach, also known as insert overwrite.
If your pipeline processes data in partitions (say by date), you can make the job
idempotent by always removing or overwriting the partition for the date youre
processing, then writing fresh data for that date.

Before loading data for 2025-08-19, the pipeline could delete any existing records for
2025-08-19 in the target, then insert the new set. This way, no matter how many times
you run it for that date, you end up with one set of records. The last run wins.

# Example partition overwrite for idempotency
def load_daily_data(date):
# Overwrite specific partition using DataFrameWriter
daily_data = process_raw_data(date)
daily_data.write \
.mode("overwrite") \
.option("replacelWhere", f"date = '{date}'") \
.saveAsTable("fact_sales")

# Alternative: Using SQL MERGE or INSERT OVERWRITE
dailly_data.createOrReplaceTempView("staged_data")
spark.sql(f"""

INSERT OVERWRITE TABLE fact_sales

PARTITION (date = '{date}')

SELECT * FROM staged_data
")

This strategy is common in ETL. Drop the partition in a Hive table and recreate it.
Or truncate a staging table and refill it. Works well when data is segmented like daily
aggregates or snapshots.

Deduplication and Constraint Enforcement

If the pipeline or data store itself doesn’t handle duplicates, you might build a dedu-
plication step. After an append, you could have a step that removes duplicate keys,
keeping the latest record. Or enforce a unique constraint on the target table’s key so
any duplicate insert is rejected.
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Some systems will error out on duplicate primary keys, which at least prevents
silent corruption. Ensuring a primary key on your target data is actually a simple
idempotency safeguard. It forces you to deal with repeated keys either by updating or
ignoring them.

Many streaming pipelines also use a deduplication cache. They remember recently
seen event IDs to skip those that repeat.

X# Example deduplication cache for streaming

from collections import OrderedDict
from datetime import datetime, timedelta

class DeduplicationCache:
def __init__(self, max_size=100000, ttl_seconds=3600):
self.cache = OrderedDict()
self.max_size = max_size
self.ttl = timedelta(seconds=ttl_seconds)

def has_seen(self, event_id):
# Check if event was recently processed
if event_1id in self.cache:
if datetime.now() - self.cache[event_id] < self.ttl:
return True
else:
del self.cache[event_1id]
return False

def add(self, event_id):
self.cache[event_id] = datetime.now()
self.cache.move_to_end(event_1id)

# Maintain size limit using LRU eviction
while len(self.cache) > self.max_size:
self.cache.popitem(last=False)

dedup_cache = DeduplicationCache()

def process_event(event):
if dedup_cache.has_seen(event['id']):
return # Skip duplicate

dedup_cache.add(event['id'])
# Process the event
transform_and_save(event)

Checkpointing and State Tracking

Maintaining state is critical. Track the last processed timestamp or offset so if the
job retries, it knows where it left off and wont reprocess data before that point. This
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is more about consistency of processing but contributes to idempotent behavior. No
gaps or overlaps in what’s processed.

Checkpoints in frameworks like Spark Structured Streaming ensure that after a fail-
ure, the stream resumes from the last committed point so events aren’t reprocessed
twice.

Functional Transformation Without Side-Effects

Design each transformation step to be as pure as possible. Avoid actions that perma-
nently alter the external state on each run.

Writing to an external API or trigger in a pipeline is tricky. If you have to do it, design
it to handle retries idempotently. Maybe include a unique request ID so the receiver
knows not to duplicate an action.

In the data pipeline, strive for transformations that depend only on input data and
produce outputs without relying on mutable global states. If intermediate staging
tables or files are used, consider cleaning them up at the start of each run. Or use
run-specific unique names to avoid leftovers from a previous run interfering.

Implementing idempotency can add processing overhead. MERGE operations can be
heavier than straight inserts, and maintaining keys/indexes has a cost. But it’s well
worth the investment. Idempotency has moved from a nice-to-have to a must-have
for reliable data systems.

To tie back to reproducibility: a reproducible pipeline, when re-run, should re-create
the same results. Idempotency ensures that doing so won't inadvertently double-
count or diverge those results. It makes repetition safe. If something goes wrong on
the first run, you can run it again (or run a backfill) without hesitation. Idempotency
is a cornerstone of both reproducibility and recoverability.

Application to SQL Sushi Co.

Let’s apply reproducibility concepts to the SQL Sushi Co. data platform introduced in
Chapter 2.

SQL Sushi Co’s architecture was designed with several modern, open-source compo-
nents. Dagster for orchestration, SQLMesh for transformation modeling, Spark for
processing, Kafka for streaming ingestion, and Delta Lake on object storage for data
management. This combination was chosen to handle both batch and streaming
data in a unified (Kappa-style) pipeline, with principles like reproducibility, data
quality, and observability “baked into the design from the start”. Let’s examine how
reproducibility is realized in this architecture and how the techniques from the repro-
ducibility and Idempotency sections manifest in SQL Sushi Co’s batch and streaming
workflows.
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Versioned Specs and Code

SQL Sushi Co. uses a Docs-as-Code approach for its data product specifications.
The unified sales performance spec covering the fact_sales_transactions model is
stored as a YAML and Markdown combination under version control. The spec itself
has a version number (1.0.0 in our example), indicating that changes to the spec and
by extension changes to the pipeline’s behavior will be tracked in version bumps.

The team explicitly manages changes to the transformation logic through versioned
releases. Coupled with Git, any change to the SQL logic in transformation models
or to the spec documentation is reviewed and tracked. If someone asks “what logic
produced these sales metrics?”, the team can retrieve spec version 1.0.0 and the
corresponding transformation code at that commit and know exactly what it was
doing.

The spec also describes assumptions and tests like the schema tests for uniqueness,
not null, and accepted values. These are part of the versioned definition. By keeping
the spec and implementation synchronized through version control, SQL Sushi Co.
guarantees it can reproduce any prior state of the pipeline.

Environment Isolation and Deterministic Execution
The architecture uses Dagster and SQLMesh to enforce isolation and determinism.

Dagster, as the orchestrator, manages pipeline runs with software-defined assets or
jobs that can be parameterized by environment. They have separate dev and prod
environments, using SQLMesh’s virtual data environment feature where you can
define a “virtual environment” or schema for dev runs.

In the SQL Sushi Co. design, when a backfill or reprocessing is needed, they create a
new SQLMesh environment and run a plan there. This isolates the reprocessing from
the live production data until it’s validated, and also means reproducibility can be
tested in a sandbox before affecting prod.

Spark for Controlled Processing

For streaming, we use Spark Structured Streaming which has checkpointing to avoid
reprocessing old data. For batch, Spark jobs likely run in a containerized environment
with a fixed version of Spark and code. All this contributes to consistent execution.

The pipeline pattern (Kappa architecture with daily reconciliation) promotes deter-
minism. The streaming part provides fast but ephemeral results. Each day the batch
job recomputes the truth for that day in a deterministic way.

By reconciling daily with a batch upsert, we effectively “reset” any small drift that
could occur in real-time, ensuring the final state is as if the pipeline had processed in
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one consistent batch. This design means even if the streaming job had hiccups during
the day, the overnight batch is reproducible and will correct the final data. Improves
both quality and consistency across runs.

Idempotent, Key-Based Upserts

A highlight of our approach for SQL Sushi Co. is the use of keyed upserts for
idempotency.

The fact_sales_transactions model has a unique transaction_id for each trans-
action. In the daily batch reconciliation, the pipeline performs an UPSERT based on
transaction_1id to merge data from the streaming and batch sources. If a transaction
was already seen in the streaming feed, the batch job will update it to fill in any
missing details or corrections rather than inserting a duplicate. And if the batch job
is re-run for the same day, those same transaction_ids will simply be updated again
with the same values or ignored if nothing has changed. No duplication.

The use of Delta Lake as the storage enables these merges to be performed efficiently.
Delta Lake’s ACID capabilities allow the pipeline to do a MERGE operation for each
day’s data, which is inherently idempotent. The pipeline can also easily delete and
reprocess a partition if needed. Delta allows replaceWhere or partition overwrite
transactions.

If we need to backfill a whole month due to a logic change, we could run a process
to overwrite that month’s partitions in fact_sales_transactions with new data.
Confident that this replacement leaves the dataset in a correct state without remnants
of the old logic.

By designing all writes to be either merges or overwrites, SQL Sushi Co. ensures that
re-running any job (whether it’s the continuous stream, the daily batch, or a one-off
backfill) will yield the same final state rather than compounding data.

Delta Lake also contributes to reproducibility in this scenario. Delta Lake keeps a
transaction log of all changes to the data, which means every version of the table
can be time-traveled. The team can query the state of fact_sales_transactions as
of last week or last month to see what it looked like then. This is a huge win for
auditability and reproducibility. The data state is versioned.

Combined with the fact that source data from POS systems is landing in an S3 land-
ing zone and Kafka streams retain events for a period, the inputs are also available
for replay. The master data (product catalog, locations) are in internal databases
and utilize slowly changing dimensions that are versioned or at least date-effective.
Joining them yields consistent results historically.
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By using a data lake with ACID and versioning, plus designing the pipeline for
append-only or merge-only operations, the entire system leans into an append-only,
reproducible paradigm.

Metadata, Lineage, and Logging

In the spec details, SQL Sushi Co. described monitoring and alerting for the pipeline.
Dagster provides lineage and logging, and each asset (like the fact table) knows which
upstream assets (sources) it used. If an issue in a particular source arises, you can
easily identify which outputs were affected and need reproduction.

The lineage tracking also means that for any given output record, they could trace
back which raw file or Katka message it came from. Again, essential for debugging
and re-running that slice of data.

Audit logs via Delta Lake’s transaction log and Dagster’s event logs record things like
“job X ran at time Y, read Z records, wrote W records, using code version ABC”. This
information would allow us to pick a past date and re-run the exact sequence, likely
by checking out the Git commit corresponding to code version ABC and pointing the
pipeline to the archived raw data for that date.

Plan-Based Backfills with SQLMesh

One of the powerful features in this architecture is SQLMesh’s plan-based backfilling.
The spec explicitly mentions that for backfills due to logic changes, they leverage
SQLMesh’s ability to create a plan and a new environment to apply changes.

The procedure given is:

sqlmesh plan <env> --start <start_date> --end <end_date> --restate-model fact_sales_tr

This effectively generates a reproducible execution plan to recompute the fact model
for the specified date range, in isolation, based on the new logic.

By using a plan, SQLMesh will understand which upstream models need to be
recalculated and will only recompute whats necessary. The new virtual environment
(perhaps a staging or dev environment) is used to compute the backfill so it doesn’t
interfere with current production data until ready. Once verified, the new data can
be merged into production. Or production can be switched to point to the new
environment.

This approach embodies several reproducibility wins. It uses version-controlled mod-
els since the new logic is captured in code and the plan diff can even be reviewed.
It relies on archived raw data for the backfill inputs. Reproducibility is ensured by
having those historical inputs retained. And it produces a deterministic outcome. The
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plan would fail or flag an error if the raw data for that backfill range isn’t available or
if there’s any mismatch.

By formalizing backfills, we avoid ad-hoc scripts and one-off procedures. Instead,
even reprocessing is done as part of the controlled pipeline framework.

Bringing it all together

The SQL Sushi Co. data transformation architecture showcases reproducibility by
design. The combination of versioned specs, controlled environments, idempotent
upsert logic, and retained data history means any result can be regenerated if needed.

Imagine the data team discovers an error in how discounts were applied in the sales
calculation. They fix the SQL logic in SQLMesh and bump the model/spec version.
Thanks to their setup, they can run a plan-based backfill for the affected past months.

The raw sales transactions from those months are still in their S3 landing zone
and/or queryable via Delta Lake’s history, so the backfill uses the exact original inputs.
The pipeline writes out corrected results, merging on transaction_id. Even if some
records had been corrected before, theyll be updated without duplication. Delta
Lake’s ACID guarantees ensure the switch from old data to new data is atomic and
visible as one committed version.

The team can verify the new outputs against the old. Perhaps using their data quality
tests or a diff of aggregates. Then promote that environment as the new production.
Throughout this, Dagster logs which data was recalculated and ensures no other
process writes conflicting data. The determinism of the process (same code, same
data) means the numbers are now consistent and reproducible going forward. And if
anyone doubts the change, they can even checkout the previous version and re-run it
on the same raw data to see the difference.

The SQL Sushi Co. architecture shows that when you prioritize reproducibility, you
gain a system that’s easier to maintain, debug, and evolve.
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CHAPTER 2
Backfilling and Reprocessing

A Note for Early Release Readers

With Early Release ebooks, you get books in their earliest form—the author’s raw and
unedited content as they write—so you can take advantage of these technologies long
before the official release of these titles.

This will be the 4th chapter of the final book. Please note that the GitHub repo will be
made active later on.

If youd like to be actively involved in reviewing and commenting on this draft, please
reach out to the editor at gobrien@oreilly.com.

Change is constant. Business priorities shift, schemas evolve, bugs pop up, and new
compliance rules can change your whole pipeline strategy. These changes usually
mean you need to look backward and reprocess historical data to match your current
reality. This chapter digs into backfilling and reprocessing, taking what most teams
treat as a huge pain and turning it into something strategic.

Look at Netflix’s data engineering team. They cut their compute time and costs dra-
matically by switching to incremental processing with Apache Iceberg and Maestro.!
This wasn’t because they bought faster hardware or hired more engineers. They just
understood the fundamental principles of effective data reprocessing and applied
them. These principles, patterns, and practices are what we’re covering here.

1 Jun He, Yingyi Zhang, and Pawan Dixit, “Incremental Processing using Netflix Maestro and Apache Iceberg,”
Netflix TechBlog (blog), Medium, November 20, 2023, https://netflixtechblog.com/incremental-processing-
using-netflix-maestro-and-apache-iceberg-b8ba072ddeeb.
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Backfilling takes resources and comes with real risks, but you can’t maintain data
quality and consistency without it. Gartner’s research shows that poor data quality
costs organizations an average of $12.9 million every year.* A lot of that cost comes
from inconsistencies between how you processed data in the past versus how you do
it now. Being able to efficiently and safely reprocess historical data is central to an
effective data transformation strategy.

When and Why to Backfill Data

Let’s clarify our definitions before diving into strategies. Backfilling is when you pop-
ulate historical data that hasn’t been processed yet. This happens when you introduce
new metrics, add data sources, or extend how far back your datasets go. Reprocessing
is when you re-run transformations on data you have already processed. You reproc-
ess data to correct errors, apply updated business logic, or handle schema changes.

People use these terms interchangeably, but the distinction matters. Backfilling deals
with data gaps. You need to consider what data is available and what the historical
context looks like. Reprocessing focuses on correcting data and keeping it consistent,
which means you need strategies to handle existing data without creating duplicates
or corrupting anything (see Chapter 1 on Reproducibility and Idempotency).

Your broader data architecture heavily influences how these operations relate to
each other. In batch processing systems, backfilling and reprocessing are discrete
operations with clear boundaries. In streaming architectures, things get blurry since
systems continuously process both real-time and historical data. Uber’s Kappa+
architecture shows how unified processing models handle both scenarios. The
same streaming code backfills historical data by replaying events, making streaming
reprocessing and backfills tractable at scale.’

Common Triggers for Backfilling

Knowing when to backfill is just as important as knowing how. Schema Evolution
and Data Model Changes are the most frequent triggers. Say a video streaming
service adds new columns to track content engagement metrics. Theyd potentially
need to backfill years of historical viewing data. That’s not just a computational
challenge. You need careful orchestration to make sure the new schema doesn’t break
existing downstream consumers while the backfill runs. Schema changes might seem
straightforward, but their impact cascades through the entire pipeline. You don’t want

2 Gartner. “Data Quality: Best Practices for Accurate Insights” Accessed September 26, 2025. https://www.gart-
ner.com/en/data-analytics/topics/data-quality.

3 Amey Chaugule, “Designing a Production-Ready Kappa Architecture for Timely Data Stream Processing,”
Uber Blog, January 23, 2020, https://www.uber.com/blog/kappa-architecture-data-stream-processing/.
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to find out about a schema change because a stakeholder’s dashboard “doesn’t look
right”. Add one new field to a fact table, and you might need to reprocess terabytes of
data and update hundreds of dependent datasets. That means endless back-and-forth
between software engineers and data engineers if nobody communicates changes

properly.

Data quality incidents force backfilling when you discover errors in production
pipelines. Picture a ride share app discovering a timezone bug that’s been calculating
international trip durations wrong, and thus driver compensation, for months. The
fix requires more than just correcting the pipeline code. You need to reprocess mil-
lions of historical records to ensure driver compensation and analytics are accurate.
These incidents come with tight deadlines since stakeholders need corrected data fast
to make informed decisions.

Business logic updates happen when organizations refine their metrics or calcu-
lations. Airbnbs Minerva platform is a great example of this. Minerva supports
version-controlled metrics and flexible, automated backfills that let the compute layer
efficiently handle virtually zero-downtime backfills.* When organizations update
algorithms to incorporate new factors, they typically reprocess historical data to
retrain machine learning models with consistent feature calculations. The backfill
isn’t just about correcting past data. Youre ensuring predictive models can learn from
historically consistent patterns.

Late-arriving data creates unique challenges in streaming and real-time systems.
Modern streaming systems like Apache Flink handle this with watermarks and late-
data windows. You can incorporate sophisticated watermarking strategies and peri-
odic backfills to incorporate late data into already-computed aggregations without
messing up real-time processing. Watermarks are essentially timestamps that repre-
sent your system’s confidence about data completeness. A watermark at 3:45 PM
means “I believe I've received all events up to 3:45 PM”

Here’s the clever part: watermarks don’t have to match wall clock time. Your water-
mark might be at 3:45 PM even though it’s currently 4:00 PM, because you know
some sources typically run 15 minutes behind.

System Migrations and Platform Changes require large-scale reprocessing when
organizations modernize their infrastructure. When Uber migrated to their Kappa
architecture, it enabled the same streaming code to process both real-time and histor-
ical data through event replay.® This kind of backfill often runs parallel with existing
systems, requiring careful coordination and validation before you cut over.

4 Robert Chang et al., “How Airbnb Achieved Metric Consistency at Scale,” The Airbnb Tech Blog (blog),
Medium, April 30, 2021, https://medium.com/airbnb-engineering/how-airbnb-achieved-metric-consistency-
at-scale-f23cc53dea70.
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Compliance and Regulatory Requirements can mandate retroactive data processing.
Financial services companies implementing new transaction monitoring rules have to
backfill years of historical data to meet regulatory requirements. These backfills come
with extra constraints around data lineage, audit trails, and validation that go beyond
typical technical requirements.

The Business Case for Strategic Backfilling

Don't take the decision to start a backfill lightly. Each backfill takes computational
resources and engineering time, plus there’s a risk of data corruption or system
disruption. However, the cost of not backfilling may exceed what youd invest in
proper reprocessing. Without backfilling, you can get inconsistent analytics, flawed
machine learning models, and people stop trusting the data.

Mature data teams may develop their own decision frameworks to evaluate back-
filling initiatives across multiple dimensions. Here’s an example: Regulatory require-
ments get the highest priority since some backfills are mandatory for compliance.
Business impact comes next, quantified through metrics like potential revenue
improvement or cost reduction. Technical debt reduction factors into long-term
system maintainability, even though its harder to measure. Finally, they look at
computational resource costs, though cloud elasticity makes these less constraining
than they used to be.

The ROI calculation for backfilling has evolved a lot. Netflix’s incremental processing
solution shows the value of efficient backfilling. By adopting incremental processing
with Apache Iceberg, they cut costs significantly for some multi-stage pipelines.®
Being able to quickly validate new algorithms on historical data sped up their entire
product development cycle.

Organizations that treat backfilling as strategic rather than operational see com-
pounding benefits. LinkedIn invested in unifying streaming and batch with Apache
Beam and cut backfill duration from about 7 hours to 25 minutes.” This standardi-
zation didn’t just improve efficiency. It democratized the ability to reprocess data,
empowering team members who previously would’ve needed specialized support for
historical data operations.

5 Amey Chaugule, “Designing a Production-Ready Kappa Architecture for Timely Data Stream Processing,”
Uber Blog, January 23, 2020, https://www.uber.com/blog/kappa-architecture-data-stream-processing/.

6 Jun He, Yingyi Zhang, and Pawan Dixit, “Incremental Processing using Netflix Maestro and Apache Iceberg,
Netflix TechBlog (blog), Medium, November 20, 2023, https://netflixtechblog.com/incremental-processing-
using-netflix-maestro-and-apache-iceberg-b8ba072ddeeb.

7 The Stack, “LinkedIn slashes data processing time 94% by unifying batch and stream jobs with Apache
Beam,” The Stack, March 24, 2023, https://www.thestack.technology/apache-beam-linkedin-data-processing-
streaming/.
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Risk Assessment and Mitigation

Every backfill carries risks you need to understand and mitigate. Data corruption is
a real possibility if you don't backfill correctly. Similarly, incorrectly reprocessed data
cascades through dependent systems, affecting dashboards, machine learning models,
and automated decisions. The Knight Capital trading disaster is a cautionary tale of
what can happen without proper safeguards when making changes. They lost 460
million in 45 minutes because of a code change.®

System availability is another critical risk. Unthrottled backfills can starve shared
resources and cause failures. Orchestration controls like Airflow pools and slot limits,
combined with circuit breakers, can prevent these issues from spreading. Modern
backfilling strategies have to account for resource constraints.

The temporal complexity of backfills introduces subtle risks. When you reprocess
historical data with current code, you need to think about whether business rules
should be applied retroactively or preserved as they were back then. If tax rates
changed mid-year, should historical transactions be reprocessed with current rates or
historical ones? These decisions need careful collaboration between engineering and
business stakeholders. Remember to keep the spec updated to clearly document these
decisions (see Chapter 2 Spec Writing)

Data lineage and dependency management are critical during backfills. Modern data
ecosystems have complex interdependencies, and making a small change to one
dataset triggers implications and updates throughout the system. Without proper lin-
eage tracking, teams risk creating inconsistencies between related datasets or missing
critical downstream updates. Tools like DataHub, OpenLineage, and column-level
lineage from SQLMesh emerged specifically to address these challenges. They provide
visibility into data dependencies and automate downstream updates.

Making the Backfill Decision

The decision to proceed with a backfill should follow a structured evaluation process.
Start by clearly defining the scope. Ask: Does this change truly require a backill
and/or reprocessing? Which datasets need reprocessing? What time range do you
need to cover? Which downstream systems will be affected? Who needs to be aware?
This scoping exercise can reveal the true complexity and help identify potential
efficiencies.

Next, evaluate alternatives. Sometimes incremental updates or forward-only strate-
gies get you what you need with less risk and far less resource consumption. If only
recent data is actively used, you might reprocess just the last 90 days instead of years

8 U.S. Securities and Exchange Commission, “SEC Charges Knight Capital With Violations of Market Access
Rule,” Press Release, October 16, 2013, https://www.sec.gov/newsroom/press-releases/2013-222.
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of historical data. The principle of proportional investment applies here. The effort
you put into backfilling should match the value you get from the corrected historical
data. Don’t spend $100,000 to fix a $1,000 problem.

Don’t overlook stakeholder communication. Data consumers need advance notice of
backfilling operations that might affect their workflows. You need clear communica-
tion about what will change, when changes will be visible, and how to validate results.
Sometimes, the technical execution of a backfill is easier than managing stakeholder
expectations and concerns.

Finally, establish clear success criteria. How will you know the operation succeeded?
What validation checks confirm data correctness? What performance benchmarks
need to be met? Having these criteria defined upfront prevents the common scenario
where backfills are complete, but stakeholders don’t trust them because validation
was an afterthought. Organizations and data engineers that excel at backfilling can
iterate faster, maintain higher data quality, and respond quickly to changing business
requirements.

Strategies for Reprocessing Large Datasets

LinkedIn needed to standardize its member profile data across all systems. They
faced a massive challenge: reprocessing huge amounts of data with complex trans-
formation logic while keeping the system available. Their initial approach, just a
straightforward batch job, was going to take many hours of continuous processing.
This significant improvement demonstrates an important lesson about large-scale
reprocessing: brute force works up to a point, but thoughtful design can give you
incredible efficiency gains.

Sometimes “big data” is defined by the 3 V’s: Volume, Variety, Velocity, and T’ll
add a fourth, Veracity. The challenges of reprocessing large datasets go beyond
only volume. Modern data systems handle a variety of data, too—structured tables,
semi-structured logs, unstructured text, and binary formats. The type of data that
engineers manage is growing constantly. Engineers also have to manage velocity,
keeping pace with incoming data while reprocessing historical records. Most impor-
tantly, engineers maintain veracity, ensuring reprocessed data stays accurate and
consistent throughout the operation.

Scale introduces non-linear complexity. A strategy that works for gigabyte pipelines
might fail catastrophically at the terabyte scale. Memory limitations, network band-
width, transaction log sizes, and coordination overhead all become limiting factors.
Successful large-scale reprocessing requires understanding these constraints and
picking strategies that respect system boundaries while maximizing throughput.
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Incremental vs. Full Refresh Strategies

The main decision in reprocessing is often between implementing incremental and
full refreshes. This decision impacts everything from resource requirements to con-
sistency guarantees. There’s no universal answer, only trade-offs to consider based on
your specific situation and priorities.

Full refresh processing replaces entire datasets with newly computed results. This
approach is simple and consistent in terms of execution. Youre guaranteed that all
resulting data reflects the current processing logic. Many companies use full refreshes
for certain critical datasets where absolute consistency is paramount. The simplicity
makes it easier to reason about and debug. When something goes wrong, you know
exactly what state the data is in. Either the old version or the new version, no partial
states with atomic operations. The dataset is either:

« State A: The old version (before refresh)

o State B: The new version (after refresh)

There’s never a State A.5 where half your data uses old logic and half uses new logic.
This is a huge advantage for debugging. If something’s wrong, you know it’s either
because:

o The old version had a problem (check before refresh time)

o The new version has a problem (check your new logic)

You don’t have to investigate “which records got the new transformation and which
didn’t?”

But with great power comes great (financial) responsibility. A full refresh can
have significant costs. Processing entire datasets repeatedly spends computational
resources on unchanged data. Full refresh operations typically need temporary
unavailability or complex swap mechanisms to atomically replace old data with new.
Tools like SQLMesh have implemented zero-downtime pointer swaps using virtual
data environments (https://www.tobikodata.com/blog/virtual-data-environments), but
that does not reduce the compute required to create the new table, only the system
downtime. For large datasets, the processing window might exceed available mainte-
nance windows, making a full refresh impractical.

Incremental processing focuses only on the changed or impacted data, dramatically
reducing the amount of data that needs to be processed. Netflix’s incremental pro-
cessing solution using Maestro and Apache Iceberg shows sophisticated incremental
processing with managed backfill support on the roadmap. When metric definitions
change, systems identify exactly which historical partitions are affected and reprocess
only those segments.
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Successful incremental processing relies on reliable change detection—track state,
maintaining checksums and timestamps for the data. When reprocessing triggers,
compare the current state against historical snapshots to identify exactly which files
need reprocessing. This fine-grained tracking adds complexity but enables processing
efficiency thatd be impossible with coarser or manual approaches.

Here’s a practical example of the trade-off. An e-commerce company needs to reproc-
ess order data to apply new tax calculations. With a full refresh, theyd reprocess all
historical orders, maybe 100 million records spanning five years. With incremental
processing, they identify that only orders from specific states are affected, cutting
the scope to 15 million records. The incremental approach saves 85% of processing
resources but needs sophisticated logic to accurately identify affected orders.

Partitioning Strategies for Parallel Processing

Partitioning transforms the monolithic challenge of large-scale reprocessing into
manageable, parallel workloads. Your choice of partitioning strategy fundamentally
determines your system’s scalability ceiling and operational characteristics.

Time-based partitioning is the most common approach, especially for event-driven
and time-series data. By organizing data into temporal buckets (hourly, daily, or
monthly partitions) systems can process historical periods independently. Temporal
isolation provides natural boundaries for both processing and failure recovery.

The granularity of time partitions needs careful consideration. Choose partition
columns that reflect access patterns to reduce shuffles and small-file pressure, as
Apache Iceberg’s partitioning guidance recommends. Organizations often use hybrid
approaches that balance operational flexibility with system efficiency. They maintain
fine-grained partitions for recent data while using coarser partitions for historical
data. Even the best data pipelines can struggle if partitioning isn’t done effectively.

Key-based partitioning distributes data across logical boundaries defined by business
entities. An advertising platform might be partitioned by advertiser ID, a social
network by user ID, or a retail system by product category. This approach enables
targeted reprocessing. When a specific customer’s data needs correction, only their
partition will be reprocessed. Salesforce’s multi-tenant architecture is a great example
of key-based partitioning at scale and enables efficient partition pruning at query
time.

Hash partitioning provides uniform distribution when natural keys would create
skew. Imagine a giant online retailer with customer 1 who has 10,000,000 orders, and
customers 2-1000 who have less than 100 orders each. One partition by customer_id
would be overwhelmed, while the others sit underutilized or idle. By applying a
hash function to keys, systems ensure roughly equal partition sizes, which is critical
for parallel processing efficiency. The downside is that hash partitioning sacrifices
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locality. Related records might land in different partitions, potentially increasing join
complexity during reprocessing. This shuffle can be expensive, and really expensive at
scale.

Hybrid partitioning strategies combine multiple approaches for optimal performance.
Hybrid approaches partition first by one dimension, then by another within each
partition. This multi-level partitioning optimizes processing strategies for different
data characteristics while maintaining locality for analysis. However, the approach
can become complex and add operational overhead for changes if not monitored
closely.

The number of partitions is a critical tuning parameter. Too few partitions limit
parallelism and create processing bottlenecks. Too many partitions introduce coor-
dination overhead and metadata management challenges. Apache Spark addresses
this challenge with dynamic partition discovery. Spark can automatically discover
data partitions in directory structures and, with appropriate configuration, adjust
parallelism through features like Adaptive Query Execution and dynamic allocation.
While these capabilities reduce manual overhead, they typically require tuning to
match specific data characteristics and performance requirements. Were seeing a
theme here-tradeoffs.

Resource Optimization and Scaling Patterns

Efficient resource usage can be the difference between a backfill completing in hours
versus weeks. Modern cloud platforms provide flexibility in resource allocation, but
they’re not without their tradeoffs.

Elastic scaling allows systems to temporarily expand capacity for reprocessing oper-
ations. Cloud elasticity reduces costs by scaling resources on demand rather than
maintaining fixed infrastructure, enabling processing scales that could be impractical
with static resource allocation.

Cloud spot instances revolutionized backfilling economics. AWS Spot Instances adver-
tise up to 90% off on-demand pricing, while Google Spot VMs advertise 60-91% off
standard pricing. By accepting interruptible compute instances at these discounts,
organizations dramatically reduce reprocessing costs. The key is designing fault-
tolerant processing that handles instance termination gracefully.

Resource pooling and scheduling prevent backfills from overwhelming production
systems. Apache Airflow’s pool mechanism exemplifies this pattern. Pools limit con-
currency across tasks and DAGs, with the default_pool initialized at 128 slots
that can be tuned. Tasks can claim multiple pool_slots to represent their resource
consumption. A typical configuration might allocate 30% of cluster capacity to back-
filling during business hours, expanding to 70% during off-peak periods.
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Memory management is critical at scale. Why does ChatGPT start summarizing
responses after a long conversation? Memory management. Spark’s Project Tungsten
demonstrates how optimized memory layout and management can significantly
improve processing performance. Through techniques like binary in-memory stor-
age format, cache-aware computation, and whole-stage code generation, Tungsten
reduces garbage collection pressure and improves CPU efficiency. These optimiza-
tions are helpful for backfilling operations that process large volumes of historical
data, where memory pressure and garbage collection pauses can become bottlenecks.

Data locality optimization minimizes network transfer during reprocessing. Data
locality optimization is about moving computation to where the data already lives,
instead of moving data to where computation happens. This matters because mov-
ing data across networks is often the slowest part of distributed processing. By
co-locating computation with data, systems avoid bandwidth limitations that often
bottleneck distributed processing. HDFS implements rack-aware replica placement to
optimize for both reliability and network efficiency. Spark’s scheduler prioritizes data
locality, attempting to run tasks on nodes where data resides. Together, these features
significantly improve processing throughput by minimizing network transfer. While
the exact performance impact varies by workload, achieving high data locality can
substantially reduce processing time compared to random task placement.

Advanced Reprocessing Patterns

Several advanced patterns have emerged from organizations processing immense
amounts of data. These patterns address specific challenges when reprocessing
becomes part of the routine.

Shadow table processing, also called blue-green deployments for data, enables near-
zero-downtime reprocessing by maintaining parallel versions of datasets. While pro-
duction queries continue against the current version, reprocessing populates shadow
tables in the background. Once processing completes and validation passes, an
atomic metadata swap instantly promotes shadow tables to production. This pattern,
used extensively in data warehousing, eliminates the availability impact of large-scale
reprocessing.

Here’s the main idea:

1. Parallel versions: Maintain two versions of the same table

2. Background processing: Populate the shadow/inactive table while production
continues

3. Atomic swap: Switch table references in metadata

4. Zero downtime: Production queries never stop working
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Shadow Table Examples
Snowflake implements this through table swapping:

-- Create shadow table and populate

CREATE TABLE sales_shadow AS SELECT * FROM sales_staging;
-- Atomic swap

ALTER TABLE sales_shadow SWAP WITH sales;

BigQuery supports similar patterns with table copying and atomic replacement:

-- Process into temporary table

CREATE TABLE dataset.table_shadow AS ...

-- Atomic replace

CREATE OR REPLACE TABLE dataset.table AS SELECT * FROM dataset.table_shadow;

PostgreSQL uses transactional DDL for atomic swaps:

BEGIN;

ALTER TABLE production_table RENAME TO old_table;
ALTER TABLE shadow_table RENAME TO production_table;
COMMIT;

Consider storage costs and synchronization complexity. During reprocessing, systems
have to handle updates to the production table, either queueing them for later or
dual-writing to both versions. Storage costs effectively double during reprocessing,
though that’s often acceptable given the availability benefits.

Micro-batch processing breaks large reprocessing jobs into small, independent units.
Each micro-batch processes a subset of data to completion before the next begins.
This gives you natural checkpoints, simplifies failure recovery, and enables progress
monitoring. Plus, micro-batches can be interleaved with regular processing, letting
systems maintain real-time operations while reprocessing historical data.

dbt’s microbatch incremental strategy shows this pattern nicely. Available in dbt
Core 1.9+, the microbatch strategy splits time-series updates into time windows
and supports parallel batch execution on compatible adapters like Snowflake and
BigQuery. It’s particularly useful for large time-series models when splitting work
by time window improves reliability or parallelism on your warehouse. A typical
configuration might process daily or weekly batches of historical data, giving you
fine-grained control over reprocessing operations.

Pipeline versioning lets multiple processing logics coexist during transitions. When
organizations migrate architectures, they often run both pipelines in parallel for vali-
dation periods, comparing outputs to ensure consistency. This A/B testing approach
to reprocessing gives you confidence in new implementations while maintaining
fallback options if issues come up.

Version management goes beyond code to include schemas, configurations, and
dependencies. Modern data platforms like Delta Lake provide built-in versioning
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capabilities with ACID transactions and time travel, letting teams reprocess historical
data using specific table versions or timestamps. This temporal consistency ensures
that reprocessed data accurately reflects historical business rules and contexts.

Optimizing for Specific Storage Systems

Different storage systems need tailored reprocessing strategies. Understanding these
system-specific optimizations can dramatically improve reprocessing performance.

Columnar stores like Parquet and ORC excel at selective column reprocessing. When
updating specific fields, columnar formats let systems read and write only affected
columns, potentially reducing I/O by 90% or more. But columnar stores struggle
with row-level updates, making them better for append-only or partition-replace
operations.

Data warehouse optimization leverages platform-specific features for efficient reproc-
essing. Snowflake’s zero-copy cloning enables instant dataset duplication for reproc-
essing without storage penalties. BigQuery’s table decorators allow precise temporal
queries during reprocessing. Redshifts VACUUM and ANALYZE operations should
be scheduled carefully during large reprocessing operations to maintain query perfor-
mance.

Lake house architectures combine data lake flexibility with warehouse performance
and ACID compliance. Apache Iceberg supports snapshot rollback and time travel,
allowing reprocessing from any historical snapshot, while its metadata layer enables
efficient partition pruning. Delta Lake’s OPTIMIZE command reorganizes data for
better reprocessing performance, coalescing small files that accumulate from stream-
ing ingestion.

Apache Hudi (Hadoop Upserts, Deletes, and Incrementals) enables incremental ETL
and backfills to run without clobbering incremental writers, explicitly addressing
backfill safety at scale. These systems provide ACID transactions, time travel, and
incremental processing capabilities that simplify large-scale reprocessing operations
while maintaining consistency guarantees.

Whether organizations and engineers can maintain data quality, adapt to changing
requirements, and extract value from historical data depends on their ability to
efficiently reprocess large datasets.

Ensuring Consistency During Re-runs

Imagine you are a data engineer at a payment processing company, and you just woke
up to your worst nightmare - your backfilling processes created duplicate charges and
missed transactions because of data consistency issues. These incidents need exten-
sive customer remediation and regulatory reporting. They show why consistency
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during reprocessing isn’t just technical. It's fundamental to maintaining trust in data
systems.

Consistency in distributed data processing faces inherent challenges from the CAP
theorem. During reprocessing, systems have to balance consistency requirements
against availability and partition tolerance. Perfect consistency might seem like the
obvious goal, but reality is more nuanced. Different use cases need different consis-
tency models, from eventual consistency for analytics dashboards to strict serializa-
bility for financial transactions.

Complexity multiplies when reprocessing spans across multiple systems. An enter-
prise data pipeline might read from Kafka, process through Spark, write to both a
data lake and a warehouse, and trigger downstream API calls. Ensuring consistency
across these systems requires careful coordination (and a solid SPEC - see chapter 2).

Idempotency: The Foundation of Safe Reprocessing

Remember from Chapter 1 that idempotency is the property that operations can
be repeated without changing the result. An idempotent pipeline produces identical
output whether you run it once or multiple times on the same input.

Achieving idempotency in reprocessing requires discipline at every layer. Think
about a simple aggregation that counts daily active users. A naive implementation
might increment counters as events arrive:

UPDATE daily_stats
SET active_users = active_users + 1
WHERE date = '2024-01-15' AND user_id = 12345;

This approach fails idempotency. Rerunning the pipeline double-counts users. The
idempotent version replaces increment logic with deterministic calculation:

INSERT INTO daily_stats (date, active_users)
SELECT
date,
COUNT(DISTINCT user_id) as active_users
FROM events
WHERE date = '2024-01-15'
GROUP BY date
ON CONFLICT (date)
DO UPDATE SET active_users = EXCLUDED.active_users;

Modern orchestration platforms support idempotent operations through execution
tracking. By assigning unique execution IDs to each pipeline run, all operations
within that run can use the execution ID to ensure exactly-once semantics. If a pipe-
line fails and retries, the execution ID ensures completed operations aren’t repeated
while failed operations are retried.
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The challenge gets harder with external side effects. Sending notifications, calling
APIs, or triggering downstream processes breaks pure idempotency. The solution
involves careful state management and the outbox pattern. Instead of directly trig-
gering side effects, pipelines write intended actions to an outbox table. A separate
process monitors the outbox, ensuring each action executes exactly once by tracking
completion state. We'll dive more into this in later chapters when we get hands-on
with our solutions.

Transaction Boundaries and ACID Guarantees

ACID guarantees simplify consistency management during reprocessing. Under-
standing how to leverage these capabilities while respecting their limitations deter-
mines how robust your reprocessing strategy is.

Delta Lake demonstrates the power of ACID transactions in distributed data process-
ing. Each Delta Lake write operation, whether inserting new data, updating, deleting,
or merging, executes as an atomic transaction. Delta Lake implements atomicity by
first writing data files to storage, then recording the operation in the transaction
log only if all files are successfully written. If a job fails during execution, the trans-
action log ensures that partial updates never become visible to readers. Without a
corresponding entry in the transaction log, the changes effectively never happened,
maintaining data consistency. This atomicity guarantee applies to all write operations
at the table level, including operations on partitioned data.

This transactional behavior enables powerful reprocessing patterns. Imagine youre
updating a large fact table with corrected dimension values. Without transactions,
readers might see partially updated data with inconsistent dimension references.
Delta Lake’s snapshot isolation ensures readers see either the complete old version or
the complete new version. Never a mixed state.

The MERGE operation particularly shines for reprocessing scenarios:

MERGE INTO target_table
USING updates
ON target_table.id = updates.id
WHEN MATCHED THEN
UPDATE SET *
WHEN NOT MATCHED THEN
INSERT *

This single atomic operation handles both updates and inserts, maintaining consis-
tency even when reprocessing partially overlapping datasets. The operation’s deter-
ministic behavior ensures idempotency. Running the same MERGE multiple times
produces identical results.

Apache Iceberg takes a different but equally powerful approach through its metadata
layer. Every change to an Iceberg table creates a new snapshot, with metadata tracking
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the complete table state at each point in time. During reprocessing, systems can query
specific snapshots, ensuring temporal consistency across related datasets. If reproc-
essing fails, rolling back just means reverting the metadata pointer. The underlying
data files stay unchanged.

But ACID guarantees have boundaries. Cross-system transactions remain challeng-
ing. While a Delta Lake table maintains internal consistency, ensuring consistency
between Delta Lake and a separate PostgreSQL database requires distributed transac-
tion protocols or eventual consistency patterns. The practical approach often involves
designing systems to handle temporary inconsistency gracefully instead of pursuing
perfect synchronization.

Managing State in Distributed Reprocessing

State management during reprocessing determines both correctness and recovery
capabilities. If youre not managing state as part of your data transformation process,
you need to start.

Unlike stream processing, where state typically fits in memory or local storage,
reprocessing operations often involve state too large for single-node systems. You
need distributed state management.

Checkpointing strategies provide recovery for long-running reprocessing operations.
Apache Flink’s checkpointing mechanism shows sophisticated state management.
During reprocessing, Flink periodically snapshots operator state to durable storage. If
failure occurs, processing resumes from the last checkpoint instead of restarting from
the beginning.

The checkpoint interval is a critical tuning parameter. Frequent checkpoints mini-
mize reprocessing on failure but introduce overhead. Organizations often tune this
based on operation type. They use longer intervals for bulk historical backfills where
recovery time is less critical, and shorter intervals for production processing.

Checkpoint storage needs careful thought, too. Local disk provides fast access but
lacks durability. Distributed file systems like HDEFS offer durability but might bot-
tleneck on checkpoint writes. Modern approaches use tiered storage. Recent check-
points on fast SSD storage, older checkpoints archived to object storage.

State backends determine how systems maintain a working state during reprocessing.
RocksDB emerged as a popular choice for large state management. By maintaining
state in an embedded database with efficient disk-based storage, systems can handle
state exceeding available memory. This lets you maintain billions of state entries
during large-scale reprocessing operations.

The choice between keyed and operator state impacts reprocessing flexibility. Keyed
state, associated with specific data keys, naturally supports parallel reprocessing. Each
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parallel instance handles independent key ranges. Operator state, shared across keys,
needs careful coordination during parallel reprocessing to prevent conflicts.

Handling Late and Out-of-Order Data

Real-world data often arrives late and out of order. Mobile devices sync when they
come back online. Edge systems batch and forward data periodically. Network parti-
tions delay data delivery. Reprocessing has to handle these anomalies while maintain-
ing consistency and quality.

Watermarking provides a principled approach to late-arriving data. A watermark
represents a timestamp assertion. The system believes it received all data up to the
watermark timestamp. During reprocessing, watermarks trigger computation, while
allowed lateness periods accommodate delayed data. Apache Beam and Apache Flink
both provide excellent watermarking capabilities for handling late data during replay

and backfill.
Consider an hourly aggregation with 30-minute allowed lateness:

window = Window.tumbling(size='1 hour')
.allowed_lateness('30 minutes')
.trigger (AfterWatermark())

aggregation = stream
.key_by(lambda x: x.user_id)
.window(window)
.aggregate(count_distinct)

When reprocessing, the system processes each hourly window after receiving data
timestamped 30 minutes past the hour end. Late-arriving data within the allowed

lateness updates the window result. Data arriving after the allowed lateness either
drops or is redirected to a late data queue for special handling.

Event time vs. processing time semantics critically impact reprocessing consistency.
Event time processing uses timestamps from when events occurred, providing deter-
ministic results regardless of when reprocessing executes. Processing time uses wall-
clock time during execution, making results non-deterministic during reprocessing.

Financial systems universally depend on event time semantics. A trade executed at
3:59 PM has to be included in that day’s position calculation, regardless of whether it’s
processed immediately or during weekend reprocessing. The challenge is maintaining
event time ordering while achieving acceptable latency.

Deduplication Strategies at Scale

Duplicate data inevitably emerges during reprocessing. Network retries create dupli-
cate events. Parallel processing might accidentally process overlapping partitions.
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Recovery from failures might reprocess already-completed work. Effective deduplica-
tion strategies prevent corrupted results.

Unique key constraints provide the simplest deduplication when applicable. By defin-
ing primary keys or unique constraints, databases automatically reject duplicates. But
this approach needs careful key design. Natural keys might not exist, so you need
synthetic key generation.

One approach generates deterministic synthetic keys for deduplication:

def generate_idempotency_key(record):
# Combine business attributes that uniquely identify the record
key_components = [
record['user_1id'],
record[ 'timestamp'],
record[ 'event_type'],
record[ 'session_id']
1
# Generate deterministic hash
composite_key = '|'.join(str(c) for c in key_components)
return hashlib.sha256(composite_key.encode()).hexdigest()

This deterministic key generation ensures identical records produce identical keys,
enabling deduplication across multiple processing attempts.

Window-based deduplication handles duplicates within time boundaries. Instead of
maintaining global uniqueness, systems deduplicate within rolling windows:

WITH ranked_events AS (
SELECT *,
ROW_NUMBER() OVER (
PARTITION BY user_1id, event_type
ORDER BY event_timestamp DESC
) as rn
FROM events
WHERE event_timestamp >= CURRENT_DATE - INTERVAL '7 days'

)
SELECT * FROM ranked_events WHERE rn = 1

This approach balances deduplication effectiveness against state management over-
head. A seven-day window might catch the vast majority of duplicates while requiring
manageable state storage.

Probabilistic deduplication using Bloom filters enables memory-efficient duplicate
detection for massive datasets. A Bloom filter is a space-efficient data structure that
uses a bit array and multiple hash functions to test if an item has been seen before.
When adding an item, k hash functions set k bits to 1 in the array. When checking for
duplicates, if all k corresponding bits are 1, the item is “probably” a duplicate; if any
bit is 0, it’s definitely new.
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Bloom filters never produce false negatives - they’ll always correctly identify true
duplicates. However, they can produce false positives, occasionally marking new
items as duplicates. This false positive rate depends on the ratio of bits to elements
(m/n) and the number of hash functions (k), not a fixed constant. The formula p = (1
- eM(-kn/m))~k lets you tune these parameters - for example, just 10 bits per element
achieves ~1% false positive rate.

For many analytical use cases, occasionally treating unique items as duplicates is
acceptable given the massive memory savings (10 bits vs potentially hundreds of
bytes per item). For scenarios needing perfect accuracy, such as financial or regula-
tory compliance, exact deduplication remains necessary despite the higher memory
costs.

Validation and Consistency Checking

Trust in reprocessed data requires comprehensive validation. Organizations learn this
when seemingly successful backfills corrupt derived metrics that aren’t discovered
until critical reporting periods. Modern reprocessing workflows include extensive
validation phases that catch inconsistencies before they spread.

Pre-flight checks validate preconditions before reprocessing begins. These checks ver-
ify source data availability, schema compatibility, and resource allocation. A typical
pre-flight might confirm:

o Source partitions exist for the entire reprocessing range

o+ Schema versions are compatible between the source and the target

Sufficient storage space exists for output data

+ No concurrent operations conflict with the reprocessing

Incremental validation during reprocessing provides early warning of problems.
Instead of waiting for complete reprocessing before validation, systems continuously
monitor metrics like:

 Record counts per partition (detecting missing or duplicate data)
o Value distributions (identifying data drift or corruption)
o Processing rates (flagging performance degradation)

o Error rates (catching systematic failures)

Circuit breakers automatically halt data pipelines when validation metrics exceed
predefined thresholds, preventing bad data from propagating downstream. Intuit
pioneered this pattern for data pipelines, presenting their approach at Strata Data
Conference 2018 to address unbounded time-to-reliable-insights. Their system opens
the circuit when data quality issues are detected, ensuring that while data may be
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missing in reports during low-quality periods, any data that does appear is guaran-
teed to be correct.

In Apache Airflow, the ShortCircuitOperator enables circuit breaker implementa-
tion by stopping DAG execution when data quality thresholds aren’t met. These
circuit breakers monitor critical metrics like record counts, null rates, and data fresh-
ness against historical baselines. When anomalies are detected—such as significant
drops in record volume or unexpected spikes in null values—the circuit breaker halts
pipeline execution and alerts engineers. This prevents cascading data quality issues
from affecting downstream consumers while maintaining pipeline integrity.

Post-processing reconciliation provides final consistency verification. After reproc-
essing completes, reconciliation jobs compare results against expected outcomes:

def reconcile_reprocessing(original_table, reprocessed_table, date_range):
# Compare aggregates
original_sum = query(f"SELECT SUM(amount) FROM {original_table} WHERE date IN {date_range}")
reprocessed_sum = query(f"SELECT SUM(amount) FROM {reprocessed_table} WHERE date IN {date_ranc

if abs(original_sum - reprocessed_sum) > 0.01: # Tolerance for floating point
raise ReconciliationError(f"Sum mismatch: {original_sum} vs {reprocessed_sum}")

# Compare record counts by key dimensions

for dimension in ['product', 'region', 'customer_segment']:
original_counts = query(f"SELECT {dimension}, COUNT(*) FROM {original_table} GROUP BY {dir
reprocessed_counts = query(f"SELECT {dimension}, COUNT(*) FROM {reprocessed_table} GROUP E

if not counts_match(original_counts, reprocessed_counts):
raise ReconciliationError(f"Count mismatch in dimension: {dimension}")

This multi-level validation ensures reprocessed data maintains both technical correct-
ness and business accuracy.

Practical Patterns for Complex Scenarios

Real-world reprocessing rarely involves single tables or simple transformations.
Complex scenarios need patterns that maintain consistency across intricate depen-
dencies.

Multi-stage pipeline coordination ensures consistency when reprocessing involves
multiple dependent stages. When you start reprocessing for an upstream stage,
the system automatically identifies and schedules reprocessing for all dependent
downstream stages. Dagster’s dependency-aware backfills across partitioned assets
show this capability. This cascade reprocessing ensures the entire pipeline reflects
consistent logic.

Cross-system consistency remains one of the hardest parts of reprocessing. When
data flows between different storage systems (from Kafka to S3 to Snowflake to
Elasticsearch), maintaining consistency needs careful orchestration.
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The saga pattern provides a practical approach to cross-system consistency. Each sys-
tem updates independently, with compensating actions defined for rollback scenarios.
While not providing true atomic transactions, sagas ensure systems eventually reach
a consistent state or roll back to the previous consistent state.

Temporal consistency ensures that reprocessed data maintains proper time relation-
ships. Think about a revenue recognition system where transactions have to be
recorded in the correct fiscal period. Reprocessing with current fiscal calendars might
incorrectly assign historical transactions to the wrong periods.

The solution involves temporal metadata versioning. Systems maintain historical ver-
sions of reference data (fiscal calendars, exchange rates, product hierarchies) and use
point-in-time appropriate versions during reprocessing. This temporal consistency
ensures that reprocessed data accurately reflects the historical business context.

Ensuring consistency during reprocessing requires combining multiple techniques.
Idempotency, transactions, state management, deduplication, and validation all come
together into a cohesive strategy. No single approach provides complete consistency
across all scenarios. Success comes from understanding your specific use case’s con-
sistency requirements and applying appropriate techniques while accepting practical
limitations. The next section explores how to implement these consistency measures
within automated, production-ready backfilling systems.

Automation for Safe Backfills

Manual anything doesn't scale, and backfilling is no exception. The high costs associ-
ated with poor data quality largely come from anti-patterns that introduce errors and
inefficiencies. Automated safeguards, including resource limits, approval workflows,
and monitoring alerts, are standard for mature data teams. They prevent costly
mistakes.

The evolution from manual to automated backfilling parallels the broader DevOps
transformation. Just like infrastructure-as-code (IaC) replaced manual server config-
uration, backfilling-as-code (there’s not a catchy abbreviation) transforms ad-hoc data
repairs into repeatable, tested, and version-controlled operations. Backfill automation
can result in big reductions in operational overhead and near-elimination of data
corruption incidents from reprocessing errors.

Automation enables capabilities you can’t get with manual approaches. Modern self-
healing data pipelines automatically detect data quality issues, determine the affected
date range, initiate targeted backfills, and validate results. All without human inter-
vention. This enviable level of sophistication requires automation across the entire
backfilling lifecycle: initiation, execution, monitoring, validation, and recovery.
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Orchestration Patterns and Tools

Orchestration platforms are the backbone of automated data pipelines, including
backfilling. While specific tools vary, the principles are consistent.

Declarative backfill specifications separate the “what” from the “how” of reprocessing.
Instead of writing procedural scripts, data engineers declare desired outcomes and let
orchestration platforms handle execution details.

Apache Airflow’s backfill mechanism shows this approach:

# Declarative backfill for date range
airflow backfill create \
--dag-id revenue_pipeline \
--from-date 2024-01-01 \
--to-date 2024-03-31 \
--max-active-runs 5 \
--dry-run

This declaration specifies the pipeline, date range, and concurrency limits while the
orchestrator handles scheduling, dependency resolution, and execution management.

Dynamic task generation adapts backfilling to data characteristics. Instead of static
configurations, modern orchestrators generate tasks based on runtime information.
Consider a backfill that processes customer data:

def generate_backfill_tasks(context):
# Query to find affected customers
affected_customers = query("""
SELECT DISTINCT customer_id
FROM data_quality_issues
WHERE detection_date = %s
"t context['logical_date'])
# Generate parallel task for each customer
tasks = []
for customer_id in affected_customers:
task = PythonOperator(
task_id=f'backfill_customer_{customer_id}',
python_callable=process_customer_backfill,
op_kwargs={"'customer_1id': customer_id},
pool="'backfill_pool', # Resource management
retries=3,
retry_delay=timedelta(minutes=5)
)
tasks.append(task)

return tasks

This dynamic generation ensures the backfill process only affects data while parallel-
izing across logical boundaries.
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Dependency-aware scheduling maintains consistency across complex pipelines. Dag-
ster has first-class concepts for partitioned assets and backfills, automatically han-
dling cross-partition dependencies during backfill operations.

The orchestrator ensures correct execution order. Like dimension tables getting
processed before fact tables, maintaining data consistency throughout the pipeline
execution.

@asset(
partitions_def=daily_partitions,
deps=["raw_events", "dimension_tables"]

)

def fact_table(context):
# Automatically runs after dependencies are satisfied
partition_date = context.partition_key
return process_fact_data(partition_date)

# Backfill automatically respects dependencies
# dagster asset backfill --selection fact_table --from 2024-01-01 --to 2024-03-31

Resource Management and Throttling

Uncontrolled backfills can overwhelm production systems, causing outages or degra-
ded performance. Automated resource management prevents these scenarios while
maximizing throughput within safe boundaries.

Pool-based concurrency control limits parallel execution to prevent resource exhaus-
tion. Apache Airflow pools limit concurrency across tasks and DAGs.

The default_pool starts with 128 slots by default. Tasks can claim multiple
pool_slots to represent their resource consumption:

# Create resource pools with capacity limits via CLI or UI
# airflow pools set database_connections 50 "DB connection pool"
# airflow pools set api_rate_limit 100 "API rate limiting"
# airflow pools set memory_intensive 5 "Memory-heavy tasks"

# Tasks declare resource requirements
@task(pool="'database_connections', pool_slots=5)
def process_partition(partition_date):
# This task consumes 5 database connections
# Airflow ensures total consumption stays under 50
pass

This declarative resource management prevents backfills from overwhelming data-
bases, APIs, or memory-constrained systems.

Adaptive throttling adjusts processing rates based on system conditions. Organiza-
tions implement frameworks that monitor system metrics and dynamically adjust
parallelism:
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class AdaptiveThrottler:
def __init__(self, initial_parallelism=10):
self.parallelism = initial_parallelism
self.error_rate = 0
self.latency_p99 = 0

def adjust_parallelism(self):
# Increase parallelism if system healthy
if self.error_rate < 0.001 and self.latency_p99 < 100:
self.parallelism = min(self.parallelism * 1.2, 100)

# Decrease if seeing stress signals
elif self.error_rate > 0.01 or self.latency_p99 > 500:
self.parallelism = max(self.parallelism * 0.5, 1)

return int(self.parallelism)

This adaptive approach maximizes throughput while respecting system limits, auto-
matically backing off when detecting stress.

Cost-aware scheduling optimizes cloud resource usage during backfills. Spot instance
orchestration can cut costs dramatically.

def schedule_backfill_with_spot():
# Check spot instance availability and pricing
spot_price = get_current_spot_price('c5.4xlarge')
on_demand_price = get_on_demand_price('c5.4xlarge')

if spot_price < on_demand_price * 0.3: # 70% discount threshold
launch_spot_cluster(
instance_type='c5.4xlarge’,
count=20,
max_price=on_demand_price * 0.4,
interruption_behavior="'terminate'
)
return 'spot'
else:
# Fall back to on-demand if spot prices high
launch_on_demand_cluster(instance_type='c5.2xlarge', count=10)
return 'on_demand'

The automation handles instance provisioning, job distribution, and graceful han-
dling of spot interruptions.

Safety Mechanisms and Circuit Breakers

Automated systems need automated safety mechanisms. Circuit breakers prevent
runaway backfills from causing damage while enabling automatic recovery when safe.

Progressive rollout validates backfills on small data samples before full processing:
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class ProgressiveBackfill:
def __init__(self, total_partitions):

self.stages = [
(0.01, "canary"), # 1% of data
(0.10, "pilot"), # 10% of data
(0.50, "rollout"), # 50% of data
(1.00, "complete") # 100% of data

1

self.total_partitions = total_partitions

def execute_stage(self, stage_index):
percentage, stage_name = self.stages[stage_index]
partition_count = int(self.total_partitions * percentage)

result = backfill_partitions(
limit=partition_count,
stage=stage_name

)

# Validate before proceeding
if not self.validate_results(result, stage_name):
raise BackfillError(f"validation failed at {stage_name} stage")

# Exponential backoff between stages

sleep_time = 2 ** stage_index * 60

time.sleep(sleep_time)
This staged approach catches problems early, limiting blast radius while building
confidence through progressive validation.

Automatic circuit breakers halt processing when detecting anomalies. Some organi-
zations implement circuit breaker patterns for data pipelines following microservices
best practices:

class BackfillCircuitBreaker:

def __init__(self):
self.thresholds = {

'error_rate': 0.05, # 5% error rate
'null_rate': 0.10, # 10% null values
'latency_p99': 30000, # 30 second p99
'cost_per_hour': 10000 # $10k/hour spend

3

def check_metrics(self, metrics):
for metric, threshold in self.thresholds.items():
if metrics.get(metric, 0) > threshold:
self.trip_circuit(metric, metrics[metric], threshold)
return False
return True

def trip_circuit(self, metric, value, threshold):
# Immediately halt processing
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stop_all_backfill_jobs()

# Alert operators
send_alert(
severity='critical’,
title=f'Backfill circuit breaker tripped: {metric}',
details=f'Value {value} exceeded threshold {threshold}'
)

# Initiate automatic rollback if configured
if config.get('auto_rollback_enabled'):
initiate_rollback()

Circuit breakers provide automatic protection against various failure modes: data
corruption, resource exhaustion, and cost overruns.

Dead letter queues (DLQs) capture and isolate problematic records instead of failing
entire backfills:

def process_with_dlg(record):
try:
return transform_record(record)
except ValidationError as e:
# Send to DLQ for manual review
send_to_dlq(
record=record,
error=str(e),
timestamp=datetime.now(),
pipeline_version=get_pipeline_version()
)
return None # Continue processing other records
except Exception as e:
# Unexpected errors still fail the job
raise

DLQs let backfills complete while quarantining problematic data for investigation,
preventing single bad records from blocking entire operations.

Monitoring and Observability

Automated backfills without observability are automated disasters waiting to happen.
Comprehensive monitoring provides visibility into backfill operations, enabling both
automated responses and human oversight.

Progress tracking provides real-time visibility into backfill status:

class BackfillProgressTracker:
def __init__(self, job_1id, total_partitions):
self.job_id = job_1id
self.total_partitions = total_partitions
self.completed_partitions = 0
self.failed_partitions = 0
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def

self.start_time = datetime.now()

update_progress(self, partition_id, status):

if status == 'success':
self.completed_partitions += 1

else:

self.failed_partitions += 1

# Calculate metrics

processed = self.completed_partitions + self.failed_partitions

progress_pct = (processed / self.total_partitions) * 100 if self.total_partitions > 0 else
elapsed_time = (datetime.now() - self.start_time).total_seconds()

estimated_total = (elapsed_time / progress_pct * 100) if progress_pct > 0 else 0
estimated_remaining = estimated_total - elapsed_time

# Update monitoring dashboard

metrics.gauge( 'backfill.progress', progress_pct, tags=[f'job:{self.job_id}'])
metrics.gauge('backfill.eta_seconds', estimated_remaining, tags=[f'job:{self.job_id}'])
error_rate = self.failed_partitions / max(processed, 1)
metrics.gauge('backfill.error_rate', error_rate, tags=[f'job:{self.job_id}'])

Real-time progress tracking enables SLA monitoring and capacity planning while
giving stakeholders accurate completion estimates.

Data quality monitoring continuously validates reprocessed data:

def monitor_data_quality(table, partition):
checks = [

for

('completeness', check_completeness),
('uniqueness', check_uniqueness),
('validity', check_validity),
('consistency', check_consistency),
('timeliness', check_timeliness)

check_name, check_func in checks:
result = check_func(table, partition)

metrics.gauge(

f'backfill.quality.{check_name}',

result.score,

tags=[f'table:{table}', f'partition:{partition}']
)

if result.score < result.threshold:
alert(
f'Data quality degradation in {table}.{partition}:
f'{check_name} score {result.score} below threshold {result.threshold}'

)

Continuous quality monitoring catches degradation immediately instead of discover-
ing issues days or weeks later.
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Cost tracking prevents budget overruns. This is particularly important given the scale
of potential costs.

class BackfillCostMonitor:
def __init__(self, budget_limit):
self.budget_limit = budget_limit
self.costs = defaultdict(float)

def track_resource_usage(self, resource_type, usage, unit_cost):
cost = usage * unit_cost
self.costs[resource_type] += cost

total_cost = sum(self.costs.values())

if total_cost > self.budget_limit * 0.8:
alert(f'Backfill approaching budget limit: ${total_cost:.2f} of ${self.budget_limit:.z

if total_cost > self.budget_limit:
emergency_stop(f'Budget limit exceeded: ${total_cost:.2f}")

return total_cost

Automated cost tracking prevents expensive surprises while helping data teams opti-
mize resource allocation.

Version Control and Rollback Strategies

Production backfills need production-grade deployment practices. Version control,
testing, and rollback capabilities ensure backfills can be developed, deployed, and
reverted safely.

Here’s an example of pipeline versioning that lets multiple versions coexist. Version-
ing will be covered more in-depth in later chapters:

@version('2.1.0")

def transform_pipeline_v2_1(data):
# New logic with bug fixes
return enhanced_transform(data)

@version('2.0.0")

def transform_pipeline_v2_0(data):
# Previous stable version
return original_transform(data)

# Backfill can specify version
backfill_with_version(
pipeline="transform_pipeline',
version='2.1.0",
date_range=('2024-01-01', '2024-03-31"),
rollback_version='2.0.0"' # Automatic fallback if new version fails
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Version management lets you test new logic while keeping the ability to revert to
known-good implementations.

Blue-green deployments for data pipelines enable zero-downtime backfills:

class BlueGreenBackfill:
def __init__(self, source_table, target_table):
self.blue_table = f"{target_table}_blue"
self.green_table = f"{target_table}_green"
self.target_table = target_table

def execute(self):
# Determine inactive table
current_active = get_active_table(self.target_table)
inactive_table = self.blue_table if current_active == self.green_table else self.green_tat

# Backfill to inactive table
backfill_to_table(inactive_table)

# Validate inactive table
if not validate_table(inactive_table):
raise ValidationError(f"Validation failed for {inactive_table}")

# Atomic swap
swap_table_alias(self.target_table, inactive_table)

# Keep previous version for rollback

retain_for_rollback(current_active, retention_days=7)
Blue-green deployments enable instant rollback by just swapping table aliases back to
the previous version.

Table formats like Delta Lake and Apache Iceberg provide built-in rollback capabili-
ties through time travel and snapshot management. Delta Lake automatically versions
the big data that you store in your data lake, and you can access any historical version
of that data. Apache Iceberg supports rollback to an older snapshot to fix errors.

These capabilities simplify rollback operations:

def automatic_rollback_with_time_travel(table_path, validation_gqueries):
# Capture baseline before backfill
baseline_version = get_current_version(table_path)
baseline_metrics = capture_metrics(validation_queries)

# Execute backfill
execute_backfill(table_path)

# Validate results
current_metrics = capture_metrics(validation_gueries)

for metric_name, baseline_value in baseline_metrics.items():
current_value = current_metrics[metric_name]
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deviation = abs(current_value - baseline_value) / baseline_value

if deviation > 0.1: # 10% deviation threshold
# Rollback using time travel
restore_table_version(table_path, baseline_version)
log.error(f"Automatic rollback: {metric_name} deviated {deviation:.1%}")
return False

return True

Advanced Automation Patterns

Mature organizations implement sophisticated automation patterns that transform
backfilling from operational burden to strategic capability.

Self-healing pipelines automatically detect and correct data issues:

import logging
from datetime import datetime
import requests

class SelfHealingPipeline:
def __init__(self, alert_webhook=None):
self.anomaly_detector = AnomalyDetector()
self.root_cause_analyzer = RootCauseAnalyzer()
self.backfill_orchestrator = BackfillOrchestrator()
self.alert_webhook = alert_webhook
self.logger = logging.getLogger(__name__)

def monitor_and_heal(self, table, partition):
# Detect anomalies
anomalies = self.anomaly_detector.scan(table, partition)

if not anomalies:
return

# Determine root cause
root_cause = self.root_cause_analyzer.analyze(anomalies)

if root_cause.confidence > 0.9:
# Auto-fix high confidence issues
affected_range = root_cause.get_affected_range()

self.backfill_orchestrator.trigger(
table=table,
partitions=affected_range,
fix_type=root_cause.suggested_fix

)

self.logger.info(f"Self-healed {table}: {root_cause.description}")
else:
# Alert team for complex issues
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Self-healing reduces operational burden while improving data quality through rapid

self.create_incident(
severity="'medium',
title=f"Anomaly detected in {table}",
details=anomalies,

investigation_steps=root_cause.investigation_steps

)

def create_incident(self, severity, title, details, investigation_steps=None):

"""Send alert to configured webhook or log
incident = {

'id': f"inc_{datetime.utcnow().strftime('%Y%m%d%H%M%S"')}",

'severity': severity,

"title': title,

'details': details,

'{nvestigation_steps': investigation_steps,
"timestamp': datetime.utcnow().isoformat()

3

if self.alert_webhook:
try:

requests.post(self.alert_webhook, json=incident, timeout=10)

self.logger.info(f"Alert sent: {title}")
except Exception as e:
self.logger.error(f"Failed to send alert: {e}")
else:
# Fallback to logging
self.logger.warning(f"INCIDENT: {incident}")

automated response.

Integration with Modern Data Stacks

Backfill automation has to integrate seamlessly with modern data infrastructure.
Different tools and platforms need specific automation strategies. dbt’s microbatch
incremental models provide declarative backfilling for large time-series datasets.

The dbt microbatch strategy splits work by time window, improving reliability and

enabling parallelism on supported adapters:

{{ config(
materialized='incremental’,
incremental_strategy='microbatch’,
event_time='event_occured_at',
batch_size='day',
lookback=3,
begin='2020-01-01"

user_id,
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event_type,
event_occured_at,
{{ dbt.current_timestamp() }} as processed_at
FROM {{ ref('raw_events') }}
-- No is_incremental() needed - microbatch handles filtering automatically

Stream processing resets with Kafka requires careful automation:

def reset_kafka_consumer_for_backfill(consumer_group, topic, target_timestamp):
"""Reset Kafka consumer to replay from specific timestamp"""

# Stop consumers before resetting
stop_consumer_group(consumer_group)

# Reset offsets using kafka-consumer-groups tool
reset_command = [
'kafka-consumer-groups.sh',
'--bootstrap-server', 'localhost:9092',
'--group', consumer_group,
'--topic', topic,
'--reset-offsets’',
'--to-datetime', target_timestamp,
'--execute'

# Execute reset
execute_reset(reset_command)

# Restart with backfill configuration
start_consumer_group(
consumer_group,
config={
'max.poll.records': 10000, # Batch for throughput
'enable.auto.commit': False, # Manual commit for safety
'max.poll.interval.ms': 3600000 # Extended timeout for reprocessing

)

Lakehouse integrations leverage table format capabilities. Delta Lake provides ACID
transactions with time travel. Apache Iceberg supports snapshot rollback and time
travel. Apache Hudi enables incremental ETL and backfills without clobbering incre-
mental writers.

For example, in Delta Lake:

def delta_lake_time_travel_backfill(table_path, target_timestamp, transformation):
"""Use Delta Lake time travel for consistent backfilling"""

# Read historical version using time travel
historical_df = spark.read \
.format("delta") \
.option("timestampAsOf", target_timestamp) \
.load(table_path)
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# Apply transformation
transformed_df = transformation(historical_df)

# Write as new data with automatic versioning
transformed_df.write \

.format("delta") \

.mode("append") \

.save(table_path)

# Maintain lineage

record_lineage(
source_timestamp=target_timestamp,
target_version=get_current_version(table_path),
transformation=transformation.__name__

)

The automation patterns and practices outlined here transform backfilling from a
risky manual operation into a reliable automated capability. By implementing com-
prehensive orchestration, safety mechanisms, monitoring, and integration strategies,
organizations can reprocess data confidently at any scale. The key isn't any single
tool or technique. It’s systematically applying automation principles throughout the
backfilling lifecycle.

Conclusion

Throughout this chapter, we've looked at how backfilling went from being just
another operational task to something actually strategic. We covered when and why
you need to backfill, how to handle it at a massive scale, keeping things consistent,
and automating the whole thing. It’s a discipline that’s grown up a lot recently.

Look at what the big tech companies have done. Netflix cut its data pipeline costs
by something like 90% through smart optimization. LinkedIn took its backfilling
from 7 hours down to 25 minutes with Apache Beam. Airbnb built Minerva to do
zero-downtime backfills.

A few key lessons to remember:

First, backfilling is inevitable, and you should plan for it. Don't treat reprocessing like
you screwed up. The best organizations know it’s just part of keeping data quality
high and letting systems evolve. When you invest in good backfilling infrastructure,
you get better data quality, faster development, and less operational risk.

Scale needs smart strategies, not just throwing hardware at it. LinkedIn’s improve-
ments show the difference between taking hours versus minutes isn’t about raw
compute power. It’s about intelligent partitioning, incremental processing, and using
resources wisely. You need the right strategy for your situation.
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You can actually achieve consistency if youre systematic about it. Sure, perfect con-
sistency across distributed systems is theoretically tricky, but practical consistency?
Totally doable with idempotency, transactions, good state management, and valida-
tion. Know what consistency you actually need and use the right techniques. Don't
chase perfection.

Automation changes everything. Manual backfilling just doesn’t work at scale. Not for
data volume, not for operational overhead, not for risk. When you automate orches-
tration, safety checks, monitoring, and recovery, you can reprocess data confidently
and efficiently.

Looking ahead, event-driven architectures are already blurring the lines between
batch and stream reprocessing. Machine learning will start predicting data quality
issues before they happen. Serverless makes massive reprocessing accessible to any-
one. And table formats like

Delta Lake, Iceberg, and Hudi keep getting better at safe, efficient reprocessing. I'm
sure Duck Lake is awesome too, it’s just not in production yet.

Data volumes keep exploding, and business requirements change faster than ever
(AI, anyone?). The patterns and practices in this chapter give you the foundation for
scalable, efficient backfilling and reprocessing. Make backfilling a first-class concern
in your data pipeline. Invest in the infrastructure and automation. Turn reprocessing
from a pain into an advantage.

When you can look backward efficiently, you can move forward with confidence.

Conclusion | 61



About the Authors

Andrew Madson is an experienced data leader with 17 years of experience leading
technical teams. Currently the Head of Evangelism and Education at Tobiko - the
creators of SQLMesh and SQLGlot, Andrew has held senior leadership positions
at institutions such as JP Morgan, LPL Financial, MassMutual, and Arizona State
University. In addition to leading data teams, Andrew is a professor of data science
and analytics at several universities, where he teaches graduate courses in machine
learning, statistics, SQL, R, Python, Tableau, and Power BI.

Toby Mao is the cofounder and CTO of Tobiko Data and creator of SQLMesh, a
pioneering data transformation framework changing how organizations develop data
pipelines. With deep experience at Netflix and Airbnb, he has implemented transfor-
mation solutions at a massive scale. His expertise in incremental loading methodol-
ogies and efficient pipeline architectures is complemented by his innovative work
on SQLGlot, a SQL parser and transpiler enabling cross-platform transformations.
Major organizations like Harness have adopted his methodologies, demonstrating
their real-world impact.

Iaroslav Zeigerman is the cofounder and Chief Architect at Tobiko Data, with over
a decade of experience in data, ML, and experimentation platforms. Previously, he
led AI/ML data engineering at Apple and worked on Netflixds petabyte-scale data
systems. He is a core contributor to SQLGlot and the creator of m2cgen, showcas-
ing his innovation in data transformation. At Tobiko, he leads the development of
SQLMesh, a modern DevOps-inspired data transformation framework. A frequent
speaker at top data conferences, Iaroslav is recognized for his practical expertise in
building reliable, large-scale data systems.



	Cover
	Fivetran
	Copyright
	Table of Contents
	Brief Table of Contents (Not Yet Final)
	Chapter 1. Reproducibility
	Reproducibility in Pipelines
	Reproducibility Factors
	Mutable or Unstable Data Sources
	Version Control for Code and Models
	Dependency and Environment Drift
	Non-Deterministic and Time-Sensitive Logic
	Poor Documentation and Discipline
	Configuration Drift

	Techniques for Reproducibility
	Version Control (Git) and Docs-as-Code
	Deterministic Transformation Logic
	Environment Isolation and Dependency Management
	Declarative Frameworks and Pipeline-as-Code
	Metadata and Lineage Capture
	Testing and Assertions
	Raw Data Retention
	Audit Trails and Logging

	Idempotency
	Upserts (Insert/Update or MERGE operations)
	Insert Overwrite
	Deduplication and Constraint Enforcement
	Checkpointing and State Tracking
	Functional Transformation Without Side-Effects

	Application to SQL Sushi Co.
	Versioned Specs and Code
	Environment Isolation and Deterministic Execution
	Spark for Controlled Processing
	Idempotent, Key-Based Upserts
	Metadata, Lineage, and Logging
	Plan-Based Backfills with SQLMesh

	Bringing it all together

	Chapter 2. Backfilling and Reprocessing
	When and Why to Backfill Data
	Common Triggers for Backfilling
	The Business Case for Strategic Backfilling
	Risk Assessment and Mitigation
	Making the Backfill Decision

	Strategies for Reprocessing Large Datasets
	Incremental vs. Full Refresh Strategies
	Partitioning Strategies for Parallel Processing
	Resource Optimization and Scaling Patterns
	Advanced Reprocessing Patterns
	Shadow Table Examples
	Optimizing for Specific Storage Systems

	Ensuring Consistency During Re-runs
	Idempotency: The Foundation of Safe Reprocessing

	Automation for Safe Backfills
	Orchestration Patterns and Tools
	Resource Management and Throttling
	Safety Mechanisms and Circuit Breakers
	Monitoring and Observability
	Version Control and Rollback Strategies
	Advanced Automation Patterns
	Integration with Modern Data Stacks

	Conclusion

	About the Authors

