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Previously: Unsupervised Toolkit

Module 6 so far: three ways to find structure without labels.

® [ 29 K-Means — partition data into K flat clusters
® | 30 Hierarchical — build a tree of nested clusters

® | 31 PCA — compress dimensions while keeping variance

L29:
K-Means

L30:
Hierarchical

L31: L32:
—> -
PCA Pipeline

Now: assemble all the pieces into a single production machine.

Module 6 capstone — from individual tools to a complete assembly line



Danger of Doing It Wrong

Situation: You build a credit-risk model. Test accuracy: 99%.
You deploy it. Within a week, predictions are random.

Complication: What went wrong?

® You scaled ALL data (train + test) together before splitting
® The scaler's mean and std “knew” test-set statistics

® Model performance was inflated by data leakage

Question: How do we build ML workflows that prevent leakage by construction — not just by
discipline?

Answer: Pipelines — an assembly line where each step only sees training data, automatically.

99% accuracy that collapses in production is worse than 80% accuracy that holds



What is Data Leakage?

Information from the future sneaking into training

® Scale all data first, then split — test statistics leak into scaler
® Shuffle time series before splitting — future leaks into past
® Pipeline solution: fit transformers only on training fold

WRONG: Scale Before Split (Data Leakage!)

Test info leaks!

All Data . Split Train Test

RIGHT: Split First, Scale in Pipeline

No leakage!

- - - - -

Data leakage = seeing the exam answers before the test. Pipelines prevent it automatically.



Learning Objectives

After this lesson, you will be able to:

1. Build sklearn Pipelines that chain preprocessing and modeling into a single, leak-free object
2. Apply cross-validation correctly using pipelines (no data leakage)

3. Tune hyperparameters with GridSearchCV and RandomizedSearchCV

4. Handle financial time series with TimeSeriesSplit and the gap parameter

Mental model: Think of a pipeline as a factory conveyor belt — raw data enters one end, predictions
exit the other. Every transformation is a station on the belt; nothing touches the test data.

Pipeline = the assembly line that turns raw data into predictions, safely



The Assembly Line Idea

Pipeline = sequence of transformers + final estimator

® Each step’s output becomes the next step’s input
® pipe.fit(X_train, y_train) fits all steps sequentially
® pipe.predict(X_test) transforms then predicts

ML Pipeline: Sequential Transformations

Impute Encode

fit_transform() on train, transform() on test

One object, one .fit(), one .predict() — no manual step-chaining



Pipeline Flow

Data flows through each station on the conveyor belt

® All steps except last must implement transform()
® |ast step can be any estimator (predict())

Pipeline Flow
fit_transform() / transform()
Raw =
— O — D — @ — DI

Pipeline chains all steps into ONE estimator

Raw — impute — scale — reduce — predict



ColumnTransformer

Different columns need different preprocessing

® Numeric (price, volume) — impute + scale
e Categorical (sector, exchange) — impute + encode

ColumnTransformer: Different Transforms per Column Type

Input DataFrame Processed Features

StandardScaler(num)

OneHotEncoder(cat)

Column
Transformer

Combined output

ColumnTransformer = “apply this to these columns, that to those”



Preprocessing Steps

Step 1 — Imputation: fill missing values first

® SimpleImputer: fill with mean, median, or constant
® KNNImputer: fill based on nearest neighbors

Stage 1: Imputation Methods Comparison

B Speed
I Accuracy

Score (1-10)

Baseline

Mean Median Mode KNN Iterative

Pipeline order matters: impute — scale — encode — select



Why Cross-Validation?

One train/test split = a coin flip
The problem:

® Your score depends on which data landed in the test set
® | ucky split — overoptimistic; unlucky — pessimistic

® Result: unreliable performance estimate

The cross-validation fix:

® Split data K ways; rotate which fold is the test set
® Every data point is tested exactly once

® Average K scores — robust estimate; std reveals stability

Key insight: CV estimates how well the model generalizes — it does not train the final model.

CV = multiple train/test splits to get a stable performance estimate
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K-Fold Cross-Validation

Each fold serves as test set exactly once

e 5-fold: 80% train / 20% test per iteration
® cross_val_score(pipe, X, y, cv=5) returns 5 scores

5-Fold Cross-Validation

Train Test Pipeline refits each fold!

All data used for both training and testing — no wasted samples
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CV with Pipeline = No Leakage

Why the pipeline matters inside CV

e Without pipeline: scale all data, then split — leakage
e With pipeline: scaler fits only on training fold each time
® cross._val_score(pipe, X, y, cv=5) handles this automatically

Cross-Validation: Each Fold = Test Once

Test (Validation)

Pipeline inside CV = transformers refit on every training fold (no leakage)
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Grid Search

Try every combination, pick the best

® Define grid: {’model__alpha’: [0.1, 1, 10]}
® GridSearchCV scores all combinations via CV

Grid Search: All Combinations Evaluated

0.001

gamma

0.1

0.5

Grid = Cartesian product of all parameter values, scored by CV
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Grid Search Results

Heatmap of scores across parameter combinations

® Each cell = mean CV score for that (alpha, n_components) pair

® Bright = high score; dark = low score

Grid Search Results (CV Accuracy)

Heatmap reveals interaction effects between hyperparameters
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Random Search

Sample randomly instead of exhaustive grid

® Grid grows exponentially; random: set budget (n_iter)
® Often finds equally good parameters with far less compute

Grid vs Random Search Coverage
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Random search covers more of each dimension — better for large spaces
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Finance: The Time Problem

Standard CV shuffles data — disaster for time series

® Shuffle lets future returns leak into training
® |n finance, temporal order is everything

Problems with Manual ML Workflows

Error-Prone

Deployment Complexity

8/10

Reproducibility Issues 8/10

Code Duplication

Data Leakage Risk

9/10

o 3 Solution: Use sklearn Pipeline!]

Severity (1-10)

Finance critical: never let future data leak into training
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TimeSeriesSplit

Train on the past, test on the future, roll forward

® TimeSeriesSplit(n_splits=5) creates 5 temporal folds
® cross_val_score(pipe, X, y, cv=tscv) scores each fold

TimeSeriesSplit (5 splits)

Split]

Split]

Split]

Split]

split

I

Time

Each fold: train on earlier data, test on later data — respects the arrow of time
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The Gap Parameter

Simulate real-world delay between prediction and action

® gap=0 (default): test starts right after training ends
® gap=5: skip 5 samples (one trading week) between sets
® Prevents autocorrelation from making predictions “too easy”

Standardimessriessplit igar=0)
i

TimeSeriesSplit with gap=5
Gap prevents lookahead from persistent signals —

Finance: gap=5 accounts for multi-day signal persistence (e.g., momentum, earnings drift)

gap parameter matches CV to actual production deployment lag
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Production Pipeline

One object captures the entire workflow
® joblib.dump(pipe, ’model.joblib’) saves the pipeline
® joblib.load(’model.joblib’) restores it completely

Why Pipelines for Production ML?

= Manual Workflow
B sklearn Pipeline

Score (1-10)
>

NoData Leakage  Single fit/predict  Easy Serialization Reproducibility Clean Code

Single serialized object = reproducible, portable, deployable
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Pipeline Inspection

Peek inside the assembly line

® pipe.named_steps[’scaler’] — access fitted transformer
® pipe[:-1].transform(X) — get intermediate output

Pipeline Inspection

pipe

naned_steps| 'scaler'] L0 M Ed ool

.scale_ = 0.2, 50, ...]
named_steps['pca’] components_ = [[...], ...]
explained variance ratio

named_steps['clf'] e = [0 Bl ool

-feature_importances

Use for: deb: feature i

model i

Inspect any step: pipe.named_steps[’pca’].explained_variance ratio_



Complete ML Workflow

Seven stations on the assembly line

1. Define columns: separate numeric vs categorical features

Build preprocessor: ColumnTransformer with sub-pipelines

Add model: append estimator as final pipeline step

Cross-validate: estimate generalization (use TimeSeriesSplit for finance)
Tune: GridSearchCV or RandomizedSearchCV over the pipeline

Refit: train final pipeline on all training data

No gk D

Deploy: serialize with joblib, load in production

Key guarantee: every step inside the pipeline is refit on each training fold — no data leakage, ever.

This 7-step recipe works for regression, classification, and clustering pipelines
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Module 6 Complete!

Unsupervised Learning toolkit assembled

odule 6: Complete!

Scale

PCA Model Validate

[No data leakage aIIowed!)

Next: Module 7 — Deep Learning

From raw data to deployed model — the assembly line is running




Hands-On Exercise (25 min)

Task: Build a Complete Prediction Pipeline

1. Create a pipeline: StandardScaler — PCA(5) — Ridge
Use GridSearchCV to tune pca_n_components € [3, 5, 10] and ridge__alpha € [0.1, 1, 10]
Evaluate with TimeSeriesSplit(n_splits=5)

Print best parameters and mean CV score

AR A

Save the best pipeline to disk with joblib

Extension: Add a ColumnTransformer for mixed numeric/categorical features and repeat.

Deliverable: Best params + CV score + saved model file.

Apply every concept from today: pipeline, CV, grid search, time series split
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Summary

Module 6 Recap: Unsupervised Learning + Pipeline

e L29 K-Means — partition into K clusters (fast, scalable)
® L30 Hierarchical — dendrograms reveal nested structure
e |31 PCA - reduce dimensions, keep maximum variance
® |32 Pipeline — assemble preprocessing, model, and validation into one leak-free object

Key concepts from today:

® Pipeline prevents data leakage by construction
® Cross-validation gives robust performance estimates
® GridSearchCV / RandomizedSearchCV tune hyperparameters

® TimeSeriesSplit respects temporal order in finance

Next: Module 7 — Deep Learning, starting with the Perceptron (L33)

Pipeline = chain. GridSearchCV = try all. TimeSeriesSplit = respect time.
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