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DataFrame Upgrade Path: Pandas → Polars → Spark
Choose the right tool for the right job. Stop fighting memory errors and wasted runtimes. Use this guide to know when to use pandas, when to switch to Polars, and when Spark is the only way forward.
Pandas (Backpack)
Like moving away from home the first time — just the basics in a backpack.
• Best For: Quick exploration, CSV cleanup, small ad-hoc analysis
• Sweet Spot: <5M rows or <500MB files
• Strengths: Simple, flexible, tons of tutorials and libraries
• Limitations: Single-threaded, memory bound, no lazy evaluation
Practice Exercise: Load the NYC Taxi sample dataset. Run read_csv and read_parquet. Compare load times and memory use. 
Link: Kaggle – NYC Taxi Sample

Polars (Truck)
Like moving into your first house — furniture and appliances need more horsepower.
• Best For: Mid-size data on a single machine, CPU-heavy tasks
• Sweet Spot: 5M–50M rows or multi-GB files (CSV/Parquet)
• Strengths: Multi-core parallelism, lazy evaluation, Arrow-native memory model
• Limitations: Not distributed, can’t replace Spark for production-scale pipelines
Practice Exercise: Use the Chicago Taxi Trips Parquet dataset. Run a groupby aggregation in pandas vs Polars. Compare runtimes and CPU usage. 
Link: Kaggle – Chicago Taxi Trips (BQ)

Spark (Family Move)
Like moving with a family — multiple bedrooms, boxes, and coordination at scale.
• Best For: Large-scale pipelines, governed production data, massive joins/aggregations
• Sweet Spot: >50M rows, distributed storage (Parquet/Delta)
• Strengths: Distributed, Delta + Unity Catalog, schema enforcement, broadcasting for joins
• Limitations: Cluster overhead on small jobs, requires infra setup
Practice Exercise: Use the NYC Yellow Taxi Trip Data. Perform a join between a large fact table and a small dimension table. Run it once normally, then with broadcast(). Compare runtimes. 
Link: NYC TLC Trip Record Data

Performance Ranges (Approximate)
On a 10M row dataset:
• Pandas: ~40s
• Polars: ~5s (on the same laptop)
• Spark: 8–12s locally (cluster overhead) but scales linearly to 100M+ rows
(Times depend on your data, machine, and cluster setup — treat these as ballpark ranges.)

✅ Quick Decision Guide
• File type: CSV under 500MB → pandas | Multi-GB CSV/Parquet → Polars | Distributed pipelines → Spark
• Row count: pandas <5M | Polars 5M–50M | Spark 50M+
• Pipeline: Governance, logging, team access → Spark

🔗 Next Steps
Watch my Liquid Clustering in Spark video to level up your Spark efficiency (link in the YouTube description).
Pandas is single-threaded and memory-bound; Polars is multi-core with lazy evaluation; Spark is distributed with governance (Delta/UC). Choose the right tool for the right job.

• YouTube: @gambilldataengineering
• Email: chris.gambill@gambilldataengineering.com
• Coaching / Group Training / Consulting: www.gambilldataengineering.com

image1.png
ON




