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What is Machine Learning? Building from Scratch

You Want a Program That Gets Better
Think about email spam detection:
® You show it 10,000 examples (spam and not spam)
® |t learns patterns in the data
® [t gets better at recognizing new spam
Tom Mitchell (1997) formalized this:
A program learns from Experience E at Task T

measured by Performance P if its performance improves
with experience.

Concrete Example:
E: 10,000 labeled emails
T: Classify spam vs non-spam

P: 85% -i 95% accuracy after training

The Mathematical Pattern

What the algorithm actually does:
Step 1: Given labeled examples

D = {(xi, ¥i) i1
Step 2: Find function that maps inputs to outputs
f:X—-Y
Step 3: Minimize errors on training data
n
f= ar}gmin Z L(yi, f(xi)) + AR(f)
i=1

where L measures mistakes, R prevents overfitting

This optimization is what “learning” means
mathematically

Learning formalizes improvement through optimization - mathematical frameworks transform intuitive experience into tractable computational problems
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Three Paradigms of Machine Learning

Supervised Unsupervised

{(xioy)¥, — {x;}I_; — Structure (st,ar, re, sep1) = 7
Applications: Applications: Applications:
® Email spam detection ® Customer segmentation ® Game playing (Chess, Go)
® Medical diagnosis ® Anomaly detection ® Autonomous vehicles
® Stock price prediction ® Data compression ® Robotics control
® Image recognition ® Market basket analysis ® Resource allocation
Key Algorithms: Key Algorithms: Key Algorithms:
® Linear Regression ® K-means clustering ® Q-Learning
® Random Forest * PCA ® Policy Gradients

o P
® Neural Networks ® Autoencoders Actor-Critic

Three paradigms partition problem space - supervised uses labels, unsupervised discovers structure, reinforcement optimizes through interaction
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The Machine Learning Pipeline

Machine Learning Pipeline

Data Collection Data Preprocessing Feature Engineering Model Training Model Evaluation

Iterative Process with Feedback Loops

Data Collection — Preprocessing — Feature Engineering — Model Training — Validation — Deployment

Pipeline thinking prevents isolated optimization - holistic workflow design addresses data quality, model selection, and deployment constraints

simultaneously
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The Fundamental Tradeoff: Bias vs Variance

Mathematical Framework

For any learning algorithm, the expected error can be
decomposed as:

Error = Bias? + Variance + Noise
Bias: Error from oversimplifying assumptions
Bias[f(x)] = E[f(x)] —f(x)
Variance: Error from sensitivity to training data
Var[f(x)] = E[(f(x) — E[f(x)])’]

Key Insight: There's a fundamental tradeoff between
bias and variance

The Bias-Vari Tradeoff: The

Total Error = Bias® + Variance + Noise

Challenge in ML

Too Simple
(Underfit)

Prediction Error

Sweet Spot

4 6
Model Complexity (e.g., polynomial degree)

Model Complexity Examples:
® High Bias: Linear models on nonlinear data
o Regularized models

® High Variance: Deep trees, k-NN with small k

Bias-variance decomposition reveals structural tension - no algorithm minimizes both error sources simultaneously requiring principled complexity

management
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Machine Learning vs Traditional Programming

Traditional Programming
Process:

Write explicit rules

Code logic step by step

Handle edge cases manually

Deterministic outputs

Example: Email Classification

IF contains “FREE" AND “LIMITED TIME"

THEN classify as spam

Requires manual rule updates
Limitations:

Rules become complex

Hard to handle exceptions

Doesn’t adapt to new patterns

Machine Learning
Process:
Provide example data
Algorithm learns patterns
Generalizes to new cases
Probabilistic outputs
Example: Email Classification

Train on 10,000 labeled emails
Learn complex word patterns
Automatically adapts to new spam

Advantages:
Handles complex patterns
Adapts to new data

Discovers hidden relationships

Machine learning excels where explicit programming fails - pattern complexity and adaptation requirements favor data-driven approaches over rule-based

systems
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Data Splitting: Training, Validation, and Test Sets

Why Split Data?
Training Set (60%):
® Used to fit model parameters
® Algorithm learns from this data
® Larger is generally better
Validation Set (20%):
® Used for hyperparameter tuning
® Model selection and comparison
® Prevents overfitting to training data
Test Set (20%):
® Final unbiased evaluation
® Never seen during development

® Estimates real-world performance

Data Splitting Strategy

Test Set
(20%)

Validation Set
(20%)

Training Set
(60%)

Model Training:
Learn patterns

[Hyperparameter Tuning:
Model selection

Final Evaluation:
Unbiased performance

Cross-Validation:
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Evaluating Machine Learning Models

Classification Metrics

Accuracy:
Correct Predictions
Accuracy = —————
Total Predictions
Precision:
.. True Positives
Precision =

True Positives + False Positives
Recall (Sensitivity):

True Positives

Recall = — -
True Positives + False Negatives

F1-Score:

Fl—2. Precision X Recall
Precision + Recall

Regression Metrics

Mean Squared Error:
MSE = E ( % )2
P yl yl

Root Mean Squared Error:
RMSE = v MSE
Mean Absolute Error:

il = N
MAE:;;|}’i_Yi|

R-squared:

S
SStot

R?=1

Evaluation metrics quantify model quality - metric selection aligns algorithmic optimization with domain-specific success criteria
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Linear Methods: The Foundation

Linear Regression Family

Ordinary Least Squares:
B — (XTX)—IXTy
. 2
min ||y — X8|
B
Ridge Regression (L2):
Bridge = (XT X + A1) ~1XTy
. 2 2
min [ly — XBllz + AllAI12
LASSO (L1):

@MW—XM@+MWM

No closed form - use coordinate descent

Week 0: Introduction to Machine Learning & Al

Linear ion Methods C

Data Points,

Ridge (0=1.0)
— LAS50 (a=1.0)

Feature X

Applications:
House price prediction
Sales forecasting
Medical diagnosis

Scientific modeling
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Logistic Regression: Linear Classification

Mathematical Framework
Logistic Function:

1

Si)s——
p(y ‘X) 1+ e—(Bo+BTx)

0Odds Ratio:

P eBo+BTx
1-p

Log-Likelihood:
UB) = lyilog p; + (1 — y;) log(1 — pi)]
i=1

No closed form solution
® Use gradient descent
® Newton-Raphson method

® lteratively reweighted least square

Sigmoid Function o(2) = 1/(1+e"(-2)

Ply=1/x)
Feature 2

zow Tx+b Feature 1

Decision Boundary:

Bo+BTx=0

Applications:
Email spam detection
Medical diagnosis
Marketing response

Credit approval

ares
Logistic regression transforms linear regression to probabilistic classification - sigmoid function maps unbounded scores to valid probabilities
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Support Vector Machines: Maximum Margin Classification

Optimization Problem

Primal Form:

1
min 7||W||2
w,b 2

st yi(w x +b) > 1,Vi
Dual Form:

1
-
max E aj — > E QG YYiX; X
1 1]

s.t. a; >0, Za;y,- =0

Kernel Trick:
K(xi, %) = ¢(xi) " d(x)

Common kernels:
® RBF: K(x,z) = e—lIx—zI1?

SVM: i Margin Cl ification for Credit Risk
@ Class1
® Class2 s
—— Decision Boundary ° /,/
~=- Margin @ L
6 ° e e o

IS

Feature 2 (e.g., Income)
~

0 1 2 3 4 5 6
Feature 1 (e.g., Debt Ratio)

Key Concepts:

® Support Vectors: Data points on margin

® Maximum Margin: Optimal separating hyperplane

® Kernel Trick: Nonlinear classification
Advantages:

® Works well in high dimensions
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Decision Trees: Interpretable Nonlinear Models

Tree Construction

Splitting Criterion:
Gini Impurity:

K
G=> pu(l—px)
=1

Information Gain:

IG = H(parent) E ﬂH child;)
—~ n
J

Entropy:

K
=—> pilog, px
k=1

CART Algorithm:
1. Find best split across all features

2. Partition data based on split

AN FR— PR [T

Decision Tree Structure (Max Depth = 3)

Advantages:
® Highly interpretable
® Handles mixed data types
® No assumptions about distribution
® Captures interactions automatically
Disadvantages:
® Prone to overfitting

® Unstable (small data changes)

- - e . . ' '
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Random Forest: Ensemble of Trees

Ensemble Method Random Forest nsemble
Bootstrap Aggregating (Bagging):
1. Draw B bootstrap samples
2. Train tree on each sample
3. Average predictions (regression)
4. Vote on class (classification)

Random Feature Selection:

® At each split, randomly select m features

® Typically m = /p for classification

Advantages:
® Typically m = p/3 for regression e Reduces overfitting
Final Prediction: ® Handles missing values
B ® Provides feature importance
y= B Z ® Works well out-of-the-box
=t Feature Importance:
Key insight: Averaging reduces variance while ® Mean decrease in impurity

maintaining low bias L
® Permutation importance

of-bag impor ance
Bootstrap aggregation reduces variance through averaging - random feature selectlon a’écorrelates ees g a[) ing effective ensemble combination
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Gradient Boosting: Sequential Learning

Boosting Algorithm
Sequential Model Building:

Fm(x) = Fm—1(x) + Ymhm(x)
where hp, is trained on residuals:

_OL(yi, Fm—1(xi))
OFm—1(x;)

rim =
XGBoost Objective:

L=>> Iy 9)+ Y Qfe)
7 P

1
QF) = T + SAlIwl®

Key Features:
® Regularization prevents overfitting
® Second-order derivatives

® Handles missing values

Week 0: Introduction to Machine Learning & Al

Gradient Boosting Process

Fulx) =150+ 3 amhn(x)

Popular Implementations:
XGBoost: Extreme Gradient Boosting
LightGBM: Fast gradient boosting
CatBoost: Categorical features

Applications:
Kaggle competitions
Click-through rate prediction
Risk modeling
Ranking problems
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k-Nearest Neighbors: Instance-Based Learning

Non_ parametric MethOd 7E"a((ulknnnacisiun Boundary )
Algorithm: ) 6)8 = , 6)3 =R

1. Store all training data ’ s,,w’&oo ’ S,&*"&

. . M -3 E B s
2. For new point, find k nearest neighbors g » e »
. @ N &
3. Classification: majority vote . " . 5 r
4. Regression: average target values - ; . -

Distance Metrics:

® Euclidean: d(x,z) = /> ;(xi — z)?

® Manhattan: d(x,z) =3, |xi — z|

® Minkowski: d(x,z) = (3, [xi — z;|P)t/P
Choosing k:

Advantages:

® Simple to understand and implement

No assumptions about data distribution

Adapts to local patterns

. . . ® Works well with small datasets
® Small k: Low bias, high variance Disad "
isadvantages:
® Large k: High bias, low variance &

o Computationally expensive for large datasets
® Use cross-validation to select

Sensitive to irrelevant features

Curse of dimensionality

e C,\ M data cenli
o€ tive to aata sca

Instance-based learning requires no training phase - predictions use entire dataset making inference expensive but adaptation trivial
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Model Accuracy Comparison

Supervised Learning: Algorithm Comparison

Supervised Learning Algorithm Comparison

Training Time Comparison

Model Interpretability

e ‘ ‘ ‘ ‘ |

Gradient
Boosting

Random
Forest

Decision
Tree

SvM

Logistic
Regression

Linear
Regression

k-NN

Gradient
Boosting

Random
Forest

Decision

SVM

Logistic
Regression

Linear
Regression

. :l:l:l

Gradient
Boosting

Random
Forest

Decision

SVM

Logistic
Regression

Linear
Regression

0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0. 0.8 0 2 4 6 8
Accuracy Training Time (seconds) Interpretability (1-10)
Algorithm Interpretability | Training Speed | Prediction Speed Accuracy
Linear Regression High Fast Fast Low-Medium
Logistic Regression High Fast Fast Medium
Decision Tree High Medium Fast Medium
Random Forest Medium Slow Medium High
XGBoost Low Slow Medium Very High
SVM Low Slow Fast High
k-NN Medium Fast Slow Medium-High
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K-means: You Want to Group Similar Data Points

The Idea

You have customer data and want to find 3 natural
groups:
Step-by-step:
1. Start: Place 3 center points randomly
2. Assign: Each customer joins nearest center
3. Update: Move centers to average of their group
4. Repeat: Until centers stop moving
Worked Example (2D):
® Point x; = [2,3], Centers: pu1 = [1,2], uo = [5,5]
® Distance to pi: m =14
® Distance to u2: /(2 —5)2+ (3 —5)2 = 3.6
® Assign x; to cluster 1 (closer!)

The algorithm minimizes total distance from points to
their cluster centers

K-Means Clustering Process

Initial Data Random Initalization

=3

Week 0: Introduction to Machine Learning & Al

S

The optimization:

n K
J=>" " wiellxi — el

i=1 k=1

U mmnng ~luctave (W2
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Hierarchical Clustering: Building Cluster Trees

A |0merative A roach . Moraoten Gy pordogrn_____ e S 00

gg. PP T Ty oy
Algorithm: e

1. Start with each point as its own cluster = Y

2. Merge closest pair of clusters

3. Repeat until single cluster remains

4. Cut dendrogram at desired level

Linkage Criteria:
® Single: min(d(a, b)) where a€ A,bc B
* Complete: max(d(a, b)) where a € A,b € B ® Produces hierarchy of clusters
® Average: ﬁ > aea 2bep d(a, b) o

® Ward: Minimize within-cluster variance °

Advantages:

® No need to specify number of clusters

Deterministic results

Works with any distance metric
Time Complexity: O(n®) for naive implementation Disadvantages:
® Computationally expensive

® Sensitive to outliers

® Difficult to handle large datasets

Hierarchical methods build complete cluster dendrograms - agglomerative merging reveals nested structure across all granularity levels
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DBSCAN: Density-Based Clustering

Dens'ty_ Ba sed A pproach Density-Based Clustering vs K-Means
Key Concepts: - wg,gw%“’-" ‘%gogg E e 3
. . . L. o wE . ol owe .8
® Core Point: > minPts neighbors within € s e%’:’e‘ggﬁ“;@o = °‘“€‘gg’;°§o e
. . . HRN P wof & PR
® Border Point: In neighborhood of core point Eleg 5o 0895 og o N 8
. ] ) o R Sweazat of R Seasat o8
® Noise Point: Neither core nor border ey e %o e
. 0 oy g3 % 10 G 8 g2 &
Algorithm: ——— ——————
1. For each unvisited point
Advantages:

2. If core point, start new cluster

® Finds arbitrary-shaped clust
3. Add all density-reachable points Inds arbitrary-shaped clusters

. . Automatically determines cluster count
4. Mark non-core points as noise

Robust to outliers
Parameters:

. . Identifies noise points
® ¢: Neighborhood radius m : pAI |
. . . ications:
® minPts: Minimum points for core PP

® Anomaly detection
Densit Points in e-neighborhood * Image segmentation
ensity =
’ |e-neighborhood| ® Fraud detection

@ Chcial netwo

5 e . . . ® Social netwo
Density-based clustering identifies arbitrary-shaped groups - core point connectivity enables nonconvex cl

is
overy with automatic noise detection
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Principal Component Analysis: Dimensionality Reduction

Mathematical Framework Principal Component Analysis (PCA)

Objective: Find directions of maximum variance
Covariance Matrix:

1 30
C= xTx
n—1 -
Eigendecomposition:
C=VAVT Steps:
. . . 1. Standardize the data
where V contains eigenvectors (principal components) ] )
and A contains eigenvalues. 2. Compute covariance matrix
Dimensionality Reduction: 3. Find eigenvalues and eigenvectors
7 = XW 4. Sort by eigenvalue magnitude
. ) o 5. Select top k components
where W contains the first k principal components. T "
Variance Explained: 6. Transform data
Applications:
k
Y S
Explained Variance = ;)_1 i ® Data visualization
=1 Ai ® Noise reduction

® Feature extraction
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Autoencoders: Neural Network Dimensionality Reduction

Architecture
Encoder:
z=f(Wx+b)
Decoder:
2=g(W'z+b)
Objective:

min |[|x — %||?
W, W’

Types of Autoencoders:
® Vanilla: Basic encoder-decoder
® Denoising: Add noise to input
® Sparse: Encourage sparse representations
® Variational: Probabilistic latent space

Bottleneck Layer: Forces compression and learning of
important features

Autoencoder Architecture

L @
@

L

e @

@

i1 (Reconstrction Eror

Advantages over PCA:

Nonlinear transformations
Better reconstruction for complex data
Can learn hierarchical features
Flexible architecture

Applications:
Image denoising
Anomaly detection

Data compression
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t-SNE and UMAP: Nonlinear Visualization

t-SNE

t-Distributed Stochastic Neighbor Embedding
High-dimensional similarities:

exp(—|Ixi — x;|[*/207)
D (=% — xi|[2/207)

Pjli =

Low-dimensional similarities:

g = A+l =yt
=
Y Pkt (L + vk = ml2) 1

Objective: Minimize KL divergence
€= > KLPIIQ)

Key Features:
® Preserves local structure
® Heavy-tailed distribution in low-dim

= Stognastic timization
Nonlinear d‘fmens‘iona‘ft‘)‘/ J %

Dimensionality Reduction: t-SNE vs UMAP (50D - 2D)

+SNE Projection UMAP Projection

e umap 1

UMAP (Uniform Manifold Approximation)

Faster than t-SNE

Preserves global structure better

Consistent results across runs

Can embed to higher dimensions
When to Use:

t-SNE: Detailed local clustering

UMAP: Balance of local and global

PCA: Linear structure, fast

uction preserves local structure - t-SNE and UMAP optimize neighborhood preservation for visualization

Week 0: Introduction to Machine Learning & Al December 11, 2025
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Evaluating Unsupervised Learning

Internal Metrics
Silhouette Score:
b(i) — a(i)
max(a(i), b(i))
where a(i) = avg distance within cluster, b(i/) = avg

distance to nearest cluster
Calinski-Harabasz Index:

s(i) =

CH— SSg/(k—1)
SSw/(n— k)
Davies-Bouldin Index:
k

1 . .
DB = = Z max m
k =il J#i d(C,‘, CJ)

Inertia (Within-cluster sum of squares):

k
wess =373 [l — il

Week 0: Introduction to Machine Learning & Al

External Metrics
Adjusted Rand Index:

ARI — RI — E[RI]
max(RI) — E[RI]
Normalized Mutual Information:

MI(U, V)

VH(U)H(V)

Homogeneity and Completeness:

NMI =

® Homogeneity: Each cluster contains only one class
® Completeness: All members of class in same cluster

V-measure: Harmonic mean of homogeneity and
completeness
Note: External metrics require ground truth labels
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Unsupervised Learning Applications

Clustering
Customer Segmentation:
Group customers by behavior
Targeted marketing campaigns
Product recommendations
Market Basket Analysis:
Find product associations
Store layout optimization
Cross-selling opportunities
Image Segmentation:

Medical image analysis
Computer vision

Object recognition

Dimensionality Reduction

Data Visualization:
Explore high-dimensional data
Identify patterns and outliers
Present insights to stakeholders

Feature Engineering:
Reduce computational cost
Remove noise and redundancy
Improve model performance

Compression:
Image and audio compression
Efficient data storage

Fast data transmission

Fraud Detection:
Credit card transactions
Insurance claims
Online account activity

Network Security:
Intrusion detection
Malware identification
Unusual traffic patterns

Quality Control:
Manufacturing defects
System monitoring

Predictive maintenance

Unsupervised learning reveals hidden patterns and structures in data without labeled examples

Unsupervised methods discover latent structure - clustering, dimensionality reduction, and anomaly detection operate without supervisory signal
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The Perceptron: Foundation of Neural Networks

Mathematical Model

Linear Combination:

z=wix1 +wax2 + ...+ Waxp + b

z=w'x+b

Activation Function:

(5 [L 20
=o(z) =
y 0 ifz<0

Decision Boundary:
wix+b=0
Learning Rule (Perceptron Algorithm):
wi = w; +n(y — 9)xi

b:=b+n(y )

o Tk 7T TORUU 1Y BRI 1 PN

e MAD it st
Week 0: Introduction to Machine Learning & Al

The Perceptron Model

Perceptron Architecture S~

¥
°

Perceptron Limitations:
® Can only learn linearly separable functions
® Cannot solve XOR problem
® Single decision boundary
Historical Impact:
® First neural network model (1943)
® lLed to "Al Winter" when limitations discovered

® Foundation for modern deep learning

s AN fea oW £

T I T S,
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Multi-Layer Perceptron: Universal Approximator

Architecture p—"
Forward Propagation: > -~ ®
AN — -1 4 pin : : ®
® | & ®
Al = g[’](z[’]) . i
Universal Approximation Theorem: A neural network 4 v ®
with: 2 v [ )
® One hidden layer =m0
® Finite number of neurons
® Non-linear activation function Activation Functions:
can approximate any continuous function on a compact ® Sigmoid: o(x) = H%
set to arbitrary accuracy. e X
Key Insight: Width vs depth tradeoff ® Tanh: tanh(x) = eXte—X
® Wide shallow networks: Exponential width needed ® ReLU: ReLU(x) = max(0, x)
® Deep narrow networks: Polynomial parameters ® Leaky ReLU: LeakyReLU(x) = max(0.01x, x)

Multi-layer perceptrons enable universal approximation - hidden layers learn nonlinear feature transformations solving problems beyond perceptron capacity
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Backpropagation: Training Neural Networks

Algorithm
Chain Rule Applic

Backward Pass:

ation:

oL oL ozl
awll — azll gwli

sU=1 = (Wl T4l o g/ (-1

Parameter Updates:

Gradient Descent:

oL
owli

aL
obll —

= sll(al=M)T

st

Week 0:

Backpropagation: Chain Rule in Action

(Forward Pass)

|

—

Backward Pass (Gradient Flow)

Computational Graph:
® Forward pass: Compute outputs
® Backward pass: Compute gradients
® Automatic differentiation
® Memory vs computation tradeoff

Challenges:

® Vanishing gradients
® Exploding gradients

Introduction to Machine Learning & Al December 11, 2025
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Activation Functions: Nonlinearity in Neural Networks

Common Activations actuation Functions Comparison

sigmoid Tanh

¥ ) / 1007 (or=tamhia]
1

1+e—X

Sigmoid:

o(x) =

Range: (0, 1), smooth, vanishing gradients :
Tanh: * o | e

eX _ e*X > is
tanh(x) = e ) i

Range: (—1,1), zero-centered, still vanishing gradients
RelLU:

Modern Activations:
X x>0
® ELU: f(x) =
() {a(ex 1) x<0
® Swish: f(x) = x - o(8x)
LeakyReLU(x) = max(ax, x) ® GELU: f(x) = x - ®(x)

Choice Guidelines:

ReLU(x) = max(0, x)

Simple, fast, sparse activations, dying ReLU problem
Leaky ReLU:

Fixes dying ReLU, oo = 0.01 typically . ]
® Hidden layers: ReLU or variants
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Convolutional Neural Networks: Spatial Feature Learning

Architecture Components oot o s s

Convolution Operation:

°
°

(1K) =3 D livmysaKm.n NN
m n b

°

Key Concepts: S — .

® Local Connectivity: Neurons connect to local

regions Pooling Operations:

® Parameter Sharing: Same filter across all positions ® Max Pooling: Take maximum in region

® Translation Invariance: Features detected anywhere ® Average Pooling: Take average in region
Typical CNN Architecture: ® Global Pooling: Pool entire feature map

1. Convolution + ReLU Applications:

2. Pooling (max or average) ® Image classification

3. Repeat multiple times ® Object detection

4. Flatten and fully connected layers ® Medical imaging

5. Final classification layer ® Computer vision

Filter Parameters:
® Kernel size (3x3, 5x5, 7x7)
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Recurrent Neural Networks: Sequential Data Processing

RNN Architecture
Recurrence Relation:
h: = tanh(Whhe—1 + Wixt + b)
Output:
Yt = Wy ht + by

Unfolded in Time:

® Share parameters across time steps

® Process variable-length sequences

® Memory of previous inputs

Training: Backpropagation Through Time (BPTT)

oL 7i oL
oWy = OW,

Vanishing Gradient Problem:

Oh: 15[ Ohi—_it1

Recurrent Neural Networks

LSTM (Long Short-Term Memory):

Forget gate: What to forget from cell state

Input gate: What new info to store

Output gate: What parts to output

Cell state: Long-term memory
Applications:

Language modeling

Machine translation

Speech recognition

Time series prediction
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Training Neural Networks: Optimization and Regularization

Optimization Algorithms

Stochastic Gradient Descent:
Orr1 =0t — T]VOL(at)
Momentum:
ve = yve—1 +nVoL(0:)
Or11 =0t — vt
Adam (Adaptive Moment Estimation):

my = Bime_1 + (1 — B1)gr

ve = Bavi—1 + (1 — B2)g?
n
Or11 =0 — ——
t+1 t \/VTr s me
Learning Rate Scheduling:
® Step deca

- A

Training Dynamics

© epocn Epoch

Regularization Techniques:
L1/L2 Regularization: Add penalty to weights
Dropout: Randomly set neurons to zero
Batch Normalization: Normalize layer inputs
Early Stopping: Stop when validation error increases
Initialization:
Xavier/Glorot initialization
He initialization (for ReLU)

Proper initialization prevents gradient problems
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The Deep Learning Revolution: Key Milestones

Historical Timeline
2012: AlexNet
® Won ImageNet competition
® 8-layer CNN
® GPU acceleration
® Dropout regularization
2014: VGGNet
® Deeper networks (16-19 layers)
® Small 3x3 filters
® Showed depth importance
2015: ResNet
® Residual connections
® 152 layers deep
® Solved vanishing gradient
® Skip connections: y = F(x) + x
2017: Transformer

® Attention mechanism

PR = W T LI B TR B TR

Deep Learning Evolution

< A
P & R R
° o ° e 00000

Key Enablers:
Big Data: ImageNet, large text corpora
GPU Computing: Parallel processing
Algorithmic Advances: Better optimizers
Software Frameworks: TensorFlow, PyTorch

Impact:

Computer vision breakthrough
Natural language processing revolution
Game-playing Al (AlphaGo)

Foundation for modern Al

Week 0: Introduction to Machine Learning & Al December 11, 2025
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Vision
ResNet:
Skip connections
Very deep networks
Identity mapping
EfficientNet:
Compound scaling
Balanced depth/width/resolution
Mobile-friendly
Vision Transformer:
Self-attention for images
Patch-based processing

Competitive with CNNs

Modern Neural Network Architectures

Language
Transformer:
Self-attention mechanism
Encoder-decoder architecture
Parallelizable training
BERT:
Bidirectional encoding
Pre-trained representations
Fine-tuning for tasks
GPT:
Autoregressive generation
Scaling laws

Few-shot learning

CLIP:
Vision-language understanding
Contrastive learning
Zero-shot classification

DALL-E:
Text-to-image generation
Multimodal creativity
Large-scale training

Flamingo:

Few-shot multimodal learning
Vision-language tasks

In-context learning

Modern architectures combine multiple techniques for state-of-the-art performance across domains

Specialized architectures encode domain-specific inductive biases - CNNs for vision, RNNs for sequences, Transformers for attention
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Generative vs Discriminative Models

Discriminative Models

Goal: Learn decision boundary

1

p(ylx) = 15 e

Examples:

® | ogistic regression

® Support Vector Machines

® Neural network classifiers

® Decision trees
Applications:

® (Classification tasks

® Regression problems

® Prediction from features

® Pattern recognition
Advantages:

® Often better at classification

® More direct approach

Generative Models

Goal: Learn data distribution
p(x) or p(x,y)

Examples:

® Generative Adversarial Networks

® Variational Autoencoders

® Autoregressive models

® Diffusion models
Applications:

® Data generation

® |mage synthesis

® Text generation

® Data augmentation
Advantages:

® Can generate new samples

® Handle missing data

® Provide uncertainty estimates
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Generative Adversarial Networks: The Two-Player Game

Mathematical Framework Ganeratie AdvrsaiaNetwork (G0
Generator: G: Z - X B _

G(z) where z ~ p,(z)

Discriminator: D : X — [0, 1]

D(x) = Probability x is real
Minimax Objective:

minmax V (D, G)
G D

where:
Training Challenges:

® Mode collapse
V(D, G) = Ex~pgy, [log D(x)] + Eznp, [log(1 — D(G(2)))] ceconapse
® Training instability

Training Process: ® Vanishing gradients
1. Train D to distinguish real vs fake ® Nash equilibrium difficult to reach
2. Train G to fool D GAN Variants:
3. Alternate until convergence ® DCGAN: Deep Convolutional GANs
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Variational Autoencoders: Probabilistic Generation
Probabilistic Framework
Encoder (Recognition Model):
Gp(21%) ~ p(z]x)
Decoder (Generative Model):
po(x|z)
Evidence Lower Bound (ELBO):
log p(x) = Eq, (z|x) [log po(x|2)] — KL(qe(z|x)I|p(2))
Loss Function:
L =Eq,(z1x)[log po(x|2)] — B - KL(q4(z]x)||p(2))
Reparameterization Trick:
z=p+o0e e~N(0,I)

Enables backpropagation through stochastic node

Variational Autoencoder (VAE)

Key Advantages:
® Stable training
® Meaningful latent space
® Principled probabilistic approach
® Good reconstruction quality
Applications:

® |mage generation
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Diffusion Models: Iterative Denoising Generation

Mathematical Formulation . Ditoton Modes
F dP Noise Addition): - _
orward Process (Noise ition) @ —_ . _(\/_

q(xelxe—1) = N(xt; /1 — Bexe—1, Bel)

Reverse Process (Denoising):

po(xt—1|xt) = N(xe—1; po(xe, t), Lo (xt, t))

Training Objective: Key Properties:
L =E¢x,ellle — €a(xt, t)\|2] ® High-quality generation

. . ® Stable training
where €g predicts noise added at step t

Sampling Process: ® Flexible conditioning

1. Start with random noise x1 ~ A(0, /) ® Controllable generation process
Applications:
® |Image synthesis (DALL-E 2)

® Video generation

2. lteratively denoise: x¢—1 = pg(xt, t) + ote

3. Continue until xg (clean sample)

® Audio synthesis

® 3D generation
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Transformers: The Foundation of Modern Al

Self-Attention Mechanism Tastormer Archacurs

Attention Formula: ‘

| | |
KT [ - | [ - | [ - |
Attention(Q, K, V') = softmax (Q ) %4 ] I ]
Vdk e
where: ‘ ‘ ‘
® Q: Queries matrix R——
® K: Keys matrix ‘ { ‘
. (N [ - | ]
® V: Values matrix ‘ { ‘
® dy: Dimension of keys - - 15

Multi-Head Attention:
. _ o)
MultiHead(Q, K, V') = Concat(head:, . . ., headp,) W Architecture Components:
where: ® Encoder: Self-attention + Feed-forward
. 0 7 - ® Decoder: Masked self-attention 4 Cross-attention
head; = Attention(QW:~, KW;", VW,") . -
! ® Layer Norm: Stabilizes training
Position Encoding: Since no recurrence ® Residual Connections: Gradient flow

. Key Advantages:
DE. . — cinlnnc /1000027 / dmoder \ B &
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Large Language Models: Scaling Language Al

GPT (Generative Pre-trained Transformer): Larostangusge Mol Evlution

® Autoregressive generation e

® Transformer decoder architecture
BERT (Bidirectional):

® Bidirectional context

Parameters (Bilions)

® Masked language modeling

N\ s
L(N) = — ’
™= (%) |
Key findings: performance scales predictably, emergent abilities at Model Sizes:
scale ® GPT-1: 117M (2018), GPT-2: 1.5B (2019)

e GPT-3: 175B (2020), GPT-4: 1.8T (2023)

Capabilities: Text generation, QA, code, reasoning
Training: Pre-training + fine-tuning + RLHF

Scaling Laws:

Capability Scor

Large language models exhibit emergent capabilities at scale - pre-training on massive corpora enables few-shot learning and reasoning
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Generative Al Applications: Transforming Industries

Content Creation Code & Development
Text: GPT-4, Claude, Jasper Generation: GitHub Copilot, AlphaCode Drug Discovery: AlphaFold, molecule
Image: DALL-E, Midjourney, Stable Engineering: Testing, bug detection, generation
Diffusion refactoring Writing: Literature review, hypothesis
Video: Runway, Synthesia Low-code: NL to app, Ul generation generation

Analysis: Automated insights, visualization

Generative Al transforms creative industries - text, image, code, and scientific generation achieve practical utility across domains
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Ethical Considerations in Generative Al

Key Challenges Mitigation Strategies
® Bias: Training data propagates biases ® Technical: Bias detection, differential privacy
® Misinformation: Deepfakes, synthetic media ® Regulatory: Al governance, content labeling
® Copyright: Training on protected content ® Industry: Responsible Al principles, auditing
® Privacy: Data memorization risks ® Education: Media literacy, ethics training

Ethical challenges accompany generative capabilities - deepfakes, copyright, bias, and labor displacement require comprehensive governance frameworks
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The Future of Generative Al

Technical Frontiers Societal Impact
® Multimodal: GPT-4V, video-language models ® Creative: Al-human collaboration, new workflows
® Efficiency: Compression, edge deployment ® Education: Personalized learning, Al tutoring
® Controllability: Fine-grained, user-guided ® Business: Automated pipelines, personalization
® Reasoning: Chain-of-thought, math, science Key: Al increasingly integrated into daily life

Future generative Al balances technical advancement with societal responsibility - multimodal capabilities and efficiency improvements continue
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Linear Algebra: Vectors and Matrices

Vector Operations
Dot Product:

a-b=3"aib; = [la|lbl| cos
i=1

n 1/p
[1x[lp = <Z>¢">
i=1

Matrix Multiplication:

Vector Norm:

(AB)j =) _AuBiy
k=1

Matrix Inverse:
AAT = ATlA=

Transpose Properties:

Eigendecomposition

Eigenvalue Equation:
Av = Av
Characteristic Polynomial:
det(A—A)=0
Diagonalization:
A= PAPT!

where P contains eigenvectors, A contains eigenvalues
Singular Value Decomposition:

A=UzVT

where U, V are orthogonal, X is diagonal
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Calculus: Derivatives and Optimization

Multivariable Calculus

Gradient:

of Of
vVfix) = —,—,..
(X) (8X1 8X2
Chain Rule:
of _ of du
dx  Oudx
Hessian Matrix:
o O%f
g Ox;0x;

Taylor Expansion:

f(x+ h) = f(x)+ VFf(x)"

Directional Derivative:

Dyf =Vf - u

Bf)
" Oxn

1
h+ 5hTHh

.We.ek 0: Intv’oducti‘cn to N‘Ia;:hh;e Le;arnir;g & Al

Optimization
Gradient Descent:

Or+1 = 60: —nVL(6:)
Newton’s Method:
011 = 60 — HTIVL(6:)
Convexity: A function f is convex if:
F(Ax + (L= A)y) < Af(x)+ (1= XN)f(y)
Lagrange Multipliers:
L(x,A) = f(x) + Ag(x)
Optimality Conditions:
VxL=0, V,L=0

" December 11, 2025
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Probability Theory: Foundations of Uncertainty

Basic Probability Distributions
Bayes’ Theorem: Gaussian (Normal):
P(BJA)P(A) 1 e
P(AIB) = p(x) = e 202
P(B) V2ro?
Expectation: Multivariate Gaussian:
E[X] =S xP(X = x) _ 1 1) T xp)
XX: P = Gy
Variance: Bernoulli:
Var(X) = E[X?] — (E[X])? P(X = k) = p“(1 — p)~*
Covariance: Exponential Family:

Cov(X, ¥) = EIXY] ~ E[XIE]Y] p(x10) = h(x)eTOT TEI-AE)

Independence:

P(X,Y) = P(X)P(Y)

Probability theory quantifies uncertainty - distributions and expectations provide the statistical foundation for inference
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Information Theory: Measuring Information

Core Concepts Applications in ML
Entropy: Maximum Likelihood:
H(X) = Z P(x) log P(x) 0% = arg;naxz log p(xi|0)
i
Cross-Entropy: Equivalent to minimizing cross-entropy

Information Gain (Decision Trees):

|Sv
\5|

H(p,a) = =Y _ p(x)log q(x)

IG = H(S) — Z

KL Divergence:

Variational Inference:

Dir(plla) = D p(x) log LX;

< q(x log p(x) > Eq[log p(x, 2)] — Eq[log q(2)]

Mutual Information: Regularization via Information:

® |nformation bottleneck principle

I(X;Y)= Zp(x y)|0g¥

® Minimum description length
- P()p(y)

® Occam's razor formalization
Properties:
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Statistical Learning Theory: Generalization Bounds

PAC Learning Regularization Theory

Probably Approximately Correct: With probability Structural Risk Minimization:

>1— 4, a learning algorithm outputs hypothesis h such

that: h* = argmin [R(h) + )\Q(h)]
h

R(h) < R*(h) + ¢
Rademacher Complexity:

RAm(F) =Es [supZJ, (xi) :|

feF m

Sample Complexity:

1 1
m> = (Iog|H| + log 7)
€ 0

Concentration Inequalities:

for finite hypothesis class H S .
Hoeffding's Inequality:

VC Dimension: Largest set size that can be shattered by
hypothesis class

o —_omt?
Generalization Bound: Pl —p| > t) <2e2m

dlog(m/d) + log(1/6) McDiarmid’s Inequality: For bounded differences,

R(h) < R’(h) + \/ m concentration around expectation

where d is VC dimension
Statistical learning theory provides generalization guarantees - PAC bounds quantify sample complexity and algorithm performance
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Numerical Methods for Machine Learning

Optimization Algorithms

Stochastic Gradient Descent:

Orr1 =0t —n:VLi(0)

Momentum:
vi = yve—1 + nVL(0:)
9t+1 =0t —wt
AdaGrad:
Gt = Ge—1 + (VL(0:))?
9f+1 = 91: - LVL(Ht)
vV Gt Jr €
Adam:

my = Pime—1 + (1 — B1)VL(6:)

ve = Bave—1 + (1 — B2)(VL(6:))?

Week 0:

Numerical Stability
Softmax Numerical Stability:
eXi —max; x;

softmax(x;) = SR
L eNi G Xj
)

Log-Sum-Exp Trick:
log Z e = a+log Z eXi—?
i i

where a = max; x;
Gradient Clipping:

[z lell<e
e llell >0

Numerical Precision:
® Float32 vs Float64 tradeoffs
® (Catastrophic cancellation

® Conditioning and stability
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Week Ob: Supervised Learning

The Prediction Challenge

Machine Learning for Smarter Innovation

BSc Innovation & Design Thinking
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Contents

@ Part 1: The Challenge

© Part 2: Linear + Regularization

© Part 3: Nonlinear Methods

@ Part 4: Synthesis
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1. Real Estate Price Prediction

The Business Problem

@ Predict house prices from features et e
o Features: size, bedrooms, location, age 0 : e :
o Target: price in thousands - - : H
o Training data: 10,000 historical sales %m : %m :
Size | Beds | Age | Price = . &
. 1200 2 5 250k
Sample Data Points R R T P
P 2500 | 4 | 10 | 450k E o
1800 3 2 380k

Supervised learning transforms labeled examples into predictive models - regression predicts continuous values from multiple correlated
features
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2. Linear Regression as Baseline

Mathematical Foundation Linear Regression: Finding Best Fit Line
® Data points
o Model: y = fo + Bix + Baxa + . + € o — -
o Where y = price, x; = features s
@ Goal: Find best-fitting line/plane 150
o Method: Minimize squared errors o125
Assumptions

o Linear relationship
o Independent features

o Constant variance

] 2 a4 6 8 10
@ Normal errors

Feature X

Linear regression assumes additive relationships - optimal under Gauss-Markov conditions but restrictive for real-world complexity
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3. Classification vs Regression

Regression Problems
o Predict continuous values
. Regression:Prediing Coninuous Valves Clesifcaton: Prdiing Categories
o Examples: price, temperature, stock return
@ Output: Real numbers s

o Metrics: MSE, MAE, R-squared

Featurs 2

Classification Problems

@ Predict discrete categories

e Examples: spam/ham, buy/sell/hold oy s e e —
o Output: Class labels
@ Metrics: Accuracy, precision, recall

Problem formulation determines algorithm choice - continuous targets require regression, discrete categories need classification with
appropriate loss functions
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4. The Curse of Dimensionality

Feature Explosion Problem
o Real estate: 20+ features
o Interactions: 220 = 1,048,576 combinations
@ Sample: 10,000 data points

o Ratio: 104 interactions per data point

Mathematical Challenge
o High-dimensional space is mostly empty
@ Distance metrics become meaningless
o Overfitting becomes inevitable

o “Hughes phenomenon” (Hughes 1968): Performance
degrades as features increase beyond sample capacity

Feature Combinations / Sample Size
3,

Curse of Dimensionality: Exponential Growth Problem

—e— 100 samples
—o— 1000 samples
—@— 10000 samples
=== Critical threshold

25 50 75 10.0 125 15.0 175 200
Number of Dimensions

Curse of dimensionality: volume grows exponentially while data remains sparse - distances become uninformative and nearest neighbors lose

meaning (Bellman 1961)
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5. Feature Interactions Explode Combinatorially

Combinatorial Explosion of Feature Interactions

Combinatorial Mathematics

, —®— Linearterms
—— Pairwise interactions
—&— Three-way interactions

10

o Linear terms: n features
o Pairwise: (g) = w

o Three-way: (3) = w .

o All subsets: 2" — 1

Number of Terms

Real Estate Example (n=20) :
o Linear: 20 terms
o Pairwise: 190 interactions
@ Three-way: 1,140 interactions 1o

25 5.0 75 10.0 125 15.0 175 200

o Total possible: 1,048,575 terms Number of Features

Combinatorial explosion creates 2" possible interactions - regularization and feature selection become necessary to prevent overfitting in high
dimensions

Week Ob: Supervised Learning BSc Innovation & Design Thi



6. OLS with rked Example

OLS Example: Perfect Linear Relationship

Ordinary Least Squares
o Minimize: 37 (i — 9i)?

60 @ Datapoints
— Perfectfit: y = 2x

55
e Solution: B = (XTX)"1xTy
o Assumptions: X7 X is invertible °
o Unbiased estimator under Gauss-Markov e
> 4.0
Worked Example Data: (1,2, 3) predicts (2, 4, 6) a5
1 1 2 30
X=[1 2|,y=|4 (1)
1 3 6 25
0 20
ﬂ = 2 (2) 1.00 125 1.50 1.75 2.00 225 250 275 3.00
X

OLS provides minimum variance unbiased estimators under Gauss-Markov assumptions - closed-form solution enables fast computation for

linear models
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7. Ridge and LASSO Regularization

Ridge Regression (L2)
o Minimize: ||y — X8> + \||5]|2

@ Shrinks coefficients toward zero

o Keeps all features Ride: Coeficients Sink Smoathy LASSO: Cosfcints i zero
e Solution: 8= (XTX +AI)"1XTy T ="
LASSO Regression (L1) o E——
o Minimize: [ly — X[ + Al|8]]x Jo =
o Sets some coefficients to exactly zero T T |
@ Automatic feature selection - B

107
Roguarization sirengih (o) Regularzaton strength (o)

@ No closed-form solution

Elastic Net
o Combines L1 + L2: of|B||1 + (1 — «)||B]|?
o Balances selection and shrinkage

Regularization adds penalty terms to loss function - L2 shrinks coefficients, L1 enforces sparsity, Elastic Net combines both strategies
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Linear Model Triumphs

o Iris setosa classification: 100% accuracy
@ House price in suburbs: R® = 0.94
o Linear trend prediction: MSE = 0.01

o Feature importance: Interpretable

Why It Works

@ Underlying relationship is linear

o Features are independent
@ Low noise in measurements

o Sufficient training data

Machine L

When assumptions hold, linear models are optimal and interpretable

Week Ob: Supervised Learning

SUCCESS: Linear Trend (R? = 0.94)

Feature mportance.

Size

SUCCESS: Linearly Separable (Ace = 100%)

‘SUCCESS: Interpretable Features

Location =
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FAILURE: XOR Problem (Ace = 50%) FAILURE: Circles (Acc = 52%)

N J [ ]
Linear Model Failures ”
Dataset Linear Acc | Tree Acc Gap »
XOR 50% 100% 50%
Circles 52% 98% 46% e
Moons 58% 94% 36% 0o L4
Spirals 48% 89% 41% ’ ' U sy
X1 X y o so Gt 5
00O o 4 .
XOR Truth Table| 0 | 1 | 1 wl e {/3 : .
1 0|1 e .
11 ]o ol .

Linear boundaries cannot separate XOR or curved patterns

ervised Learning BSc Innovation & Design Thinking
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10. Root Cause: Linear Assumption Too Restrictive

Mathematical Limitation

o Linear model: y = w”x 4+ b Linesr Boundary: Cannot Separat Circes Nonlnear Boundary: Prtet Sparaton

“— Linear boundary o e “— Noniinear boundary

<
10 e o i

o Decision boundary: hyperplane - oo s

@ Cannot curve or bend o

@ Cannot create islands or holes

Real-World Examples o

o Customer behavior (nonlinear) o

o Stock market patterns (chaotic)

Medical diagnosis (complex interactions) Most real-world phenomena require nonlinear decision boundaries

@ Image recognition (hierarchical)
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11. Regularization Tradeoff

B Tradeoff in
Bias-Variance Tradeoff ¢ = %En;z r
@ )\ = 0: High variance, low bias § T Optimata =369
@ A\ — oo: Low variance, high bias 6
@ Optimal X\: Minimizes test error 5
o Cross-validation finds optimum g

Practical Guidelines
@ Start with Ridge for stability
@ Use LASSO for feature selection

o Elastic Net combines both ,A ;

10 10 10° 10" 10 10

Grid search for \ Regularization strength ()

Regularization strength controls the complexity-accuracy tradeoff
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12. Human Introspection: How YOU Divide Decision Space

Your Natural Decision Process

“Is income § 50k?" -; Split population
“If yes, is age i 407" -; Further split

“If no, is education ; 12 years?" -; Alternative path

Continue until clear decision

Hierarchical Thinking

Start with most important feature
Recursively subdivide space
Each split reduces uncertainty

Stop when confident

Machine Learning for Smarter Innovation

Human Decision Process: Hierarchical Questions

Start: Loan Application

Income < 50k2 income 2 50k?

Age >307 %ncmion >12y7 Age > 407 i

REJECT

REVIEW | APPROVE | REJECT APPROVE | REVIEW | APPROVE

REJECT ‘

Humans naturally create decision trees through sequential yes/no
questions
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13. Hypothesis: Trees, Kernels, Ensembles

Decision Trees
@ Recursive binary splits
@ Non-parametric method
o Handles interactions naturally

@ Interpretable rules

Kernel Methods
@ Map to higher dimensions
o “Kernel trick” for efficiency
o SVM with RBF, polynomial kernels

o Implicit feature expansion

Ensemble Methods
o Combine multiple weak learners
o Random Forest, Gradient Boosting

@ Reduce overfitting through averaging

Decision Trees: Rectangular Partiions

0 0z 04 3 08

Random Forest: Multiple Tree Ensemble

SVM RBF: Curved Boundaries

10 05 00 08 0

Neural Networks: Universal Approximation

[ )
L 4
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14. Zero-Jargon: “20 Questions Game” for Trees

The Game Analogy
@ You think of an animal
o | ask yes/no questions
o ‘“Is it bigger than a cat?”
@ “Does it live in water?”

e “Is it a mammal?”

Decision Tree Mapping
@ Animal = Data point
@ Questions = Feature splits
o Final guess = Prediction

@ Good questions = Informative features

20 Questions Game: Decision Tree Logic

(Is it bigger than a cat?

/\

YES NO
Does it live Isita
in water? domestic pet?
(Whale) Bear. Dog Eagle|

Decision trees ask the most informative questions to reach
predictions quickly
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15. Geometric Intuition: Decision Boundaries

Linear vs Nonlinear Boundaries

o Linear: Straight lines/planes inear: Cannot Separate Circes Nonlinear: Perect Separation

— Linear boundary. o — Nonlinear boundary

C

@ Trees: Axis-aligned rectangles
o SVM RBF: Curved boundaries os

@ Neural nets: Arbitrary shapes "

Complexity Hierarchy

@ Most restrictive: Linear 10

@ Moderate: Decision trees
Flexible: Kernel methods Different algorithms create different types of decision boundaries

@ Most flexible: Deep networks

BSc Innovation & Design Thinking
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16. CART Algorithm with Actual Splits

CART Algorithm Steps

CART Algorithm Steps
@ Calculate impurity for current node
e Try a” pOSSIbIe SpIItS ‘1.CalculateGini impurity}

© Choose split with highest information gain

@ Recurse on child 'nodes. . Bty e S —
© Stop when stopping criterion met l G=1-2p?
. . . 3. Choose best information gain |
Gini Impurity Formula N
¢ 5 4. Recurse on children
G=1-> p
i=1 l
5. Stop when criteria mel}
where p; is probability of class i
Information Gain
Nehild
IG = Gparent - E 7Gchild . . . -
Nparent CART systematically finds the best splits by maximizing

information gain
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17. Full Walkthrough: Build Tree with Numbers

Best Split: Income > 55k
Left (j55k): 1Y, 2N — G, = 0.444
Right (>55k): 3Y, ON — Gg = 0
Info Gain: /G = 0.222

CART Algorithm: Tree Building with Numbers

Root: 4 Yes, 2 No
Gini = 0.444

Income Age Approved
30k 25 No
60k 35 Yes
Dataset: Loan Approval 40k 45 No
80k 30 Yes
50k 50 Yes
70k 25 Yes e 2 N, e N

Gini = 0.444 Gini = 0.000

Root Gini: 4 Yes, 2 No — G = 0.444

Information Gain
=0222
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18. Visualization: Decision Boundaries on 2D Data

Decision Tree: Axis-Aligned Rectangular Boundaries

Tree Partitioning Process

e Split 1: x; < 0.5 (vertical line) 5 9 G c
@ Split 2: xo < 0.3 (horizontal line) 3 o ® oo . )

@ Split 3: x; < 0.8 (vertical line) : Sl e s 5 oS .
o Result: R lar regi B AL R AP A
esult: Rectangular regions 3 . e 00 ° "% 2 .?' o

* ° P % = ; ® o0
1 o ® *s °8, o0
Boundary Characteristics . . g.."u' '.',-'.“: '.’2‘. L T
L] 7~ L)
o Always axis-aligned 0 500 ‘s 2? =3 . ol
L] ° L]

o Creates rectangular partitions g . ° .'. ol 2y

— (]
o Can approximate any boundary 1 L
o With enough splits 5

-4 -3 -2 -1 1 2 3 4

Feature 1

Decision tree boundaries are piecewise constant and axis-aligned
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19. Why It Works: Piecewise Approximation

Piecewise Approximation: How Trees Work

—— True function: sin(x)

Universal Approximation 100 T Tetion )
@ Any function can be approximated 075 /\
o By piecewise constant functions 050
o With sufficient partitions 025
@ Trees implement this naturally ~ 000

-0.25

Mathematical Foundation

-0.50

o Step functions are dense in L2
-0.75
@ Trees create step functions \/
-1.00
@ More splits = better approximation B 2 s . B 10 2

@ Regularization prevents overfitting
Trees approximate complex functions through recursive partitioning
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20. Experimental Validation: Algorithm Comparison

Algorithm Performance Comparison (%)

Linear
Regression

Benchmark Results

Dataset Linear Tree SVM o

Iris 96% 96% 98%

Wine 94% 90% | 96% e

Digits 92% 85% 98% “

Breast Cancer 95% 93% 97% B

XOR 50% | 100% | 100% B

Circles 52% 98% | 100% £
Key Insights

@ Linear: Good on linear data

@ Trees: Excel on discrete features
@ SVM: Best overall performance
@ No universal winner

Performance varies by dataset characteristics and problem
complexity

BSc Innovation & Design Thinking
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21. Implementation: sklearn Ensemble Methods

Random Forest

o Bootstrap sampling of data S Ensermble Methods: Traiing vs Tt Paformance
@ Random subset of features w
@ Average predictions
@ Reduces overfitting i

from sklearn.ensemble import RandomForestClassifier e

rf = RandomForestClassifier(n_estimators=100) o

rf.fit(X_train, y_train)

Gradient Boosting 40 & é‘%& #{;\ p @“ﬁi}\

& (’(’P .é #ba‘

@ Sequential weak learners Moo -
@ Each corrects previous errors . . .

. o Ensemble methods combine multiple models for superior
@ Weighted combination performance

@ Often best performance

Week 0b: Supervised Learning BSc Innovation & Design Thinking



22. Algorithm Landscape: Linear -; Tree -; Ensemble -; SVM

Complexity Progression

. . _ T Complexity vs Performance Performance vs Interpretability Trade-off
o Linear: y=w'x+ b & e
o Tree: Recursive partitioning e LA o €T
o Ensemble: Multiple tree combination o R -
o SVM: Kernel-based mapping
Computational Complexity - s
e Linear: O(nd) training o @7 o LA

@ Single tree: O(nd log n)
o Random forest: O(tnd log n) Algo'rlthms form a spectrum from simple linear to complex
nonlinear methods

SVM: O(n?d) to O(n%d)

Machine Learning for Smarter Innovation Week 0b: Supervised Learning BSc Innovation & Design Thinking



23. When to Use Each: Interpretability vs Accuracy

Linear Models

@ High interpretability, fast

@ Use: Regulatory needs, simple patterns
Decision Trees

@ Moderate interpretability

@ Use: Rule extraction, mixed data

Machine Learning for Smarter Inn;

Ensemble Methods
@ Highest accuracy, robust
@ Use: Performance critical
SVM
@ Kernel flexibility

@ Use: High dimensions, small data

Neural The Interpretability-Accuracy Trade-off
oo @ o =~ Trade-offtrend
85 S
_ RN Random
2 ~ orest
T 8.0 s ‘
8715
2 Decision
g Tree
870 ~
H h
65 s
SS._ Linear
~ @Regression
60 e

1 2 3 6 7 8 9

4 5
Interpretabilty (1-10 scale)

Algorithm selection requires balancing interpretability, accuracy, and computational cost - no universally optimal choice exists.

ervised Learning BSc Innovation & Design Thinking



23.5 Common Pitfalls in Supervised Learning

Pitfall 1: Data Leakage

o Using test data during training

@ Solution: Strict train/test separation
Pitfall 2: Wrong Metric

@ Optimizing accuracy on imbalanced data

@ Solution: Use F1, AUC-ROC for imbalanced cases
Pitfall 3: Feature Scaling

o Forgetting to normalize features

@ Solution: StandardScaler before distance-based
methods

Pitfall 4: Overfitting

@ Too complex model for small data

@ Solution: Regularization, cross-validation
Pitfall 5: Ignoring Assumptions

o Linear model on nonlinear data

@ Solution: Validate assumptions, use nonlinear methods
Pitfall 6: No Baseline

o Not comparing to simple baseline

@ Solution: Always start with logistic/linear regression

Most supervised learning failures stem from data leakage, inappropriate metrics, or model mismatch - systematic validation prevents these

errors

Machine Learning for Smarter Innovation Week Ob: Supervised Learning BSc Innovation & Design Thinking



24. Modern Applications: Production ML Pipelines

Real-World Pipeline
Data ingestion & clea n i ng Production ML Pipeline: End-to-End System

Feature engineering

Model training & validation

Hyperparameter tuning

Production deployment

Data Feature Model
Ingestion nainoerng P Traming [ Validation )

©0060O0CCO0C

Monitoring & retraining

Industry Applications
o Credit scoring: Gradient boosting e
o Recommendation: Ensemble methods
Modern ML systems integrate multiple algorithms in end-to-end

o Fraud detection: Anomaly detection pipelines

Medical diagnosis: Interpretable models

Machine Learning for Smarter Innovation Week Ob: Supervised Learning BSc Innovation & Design Thinking



Week Oc: Unsupervised Learning

“The Discovery Challenge”
Finding Hidden Patterns Without Labels

Machine Learning for Smarter Innovation (BSc Course Series)

Machine Learning for Smarter Innovation
BSc Course Series

October 6, 2025
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Overview: The Discovery Challenge

Act 1: The Challenge
o Customer segmentation without labels
@ Mathematical similarity definitions
o No ground truth validation
@ Cluster number selection
@ Quantitative evaluation metrics
Act 3: Density & Hierarchy
@ Human clustering intuition
o DBSCAN: Finding neighborhoods
@ Hierarchical: Building trees
o Handling arbitrary shapes

@ Modern implementations

Act 2: K-means Algorithm
o Nearest center assignment
@ Worked coordinate examples
@ Success: Spherical clusters
@ Failure: Non-convex shapes
o Diagnostic insights

Act 4: Synthesis
@ Method taxonomy
@ Algorithm selection guide
@ Modern applications

o Neural network preview

24 slides — Pattern discovery without supervision — Real-world clustering challenges

Machine Learning for Smarter Innovation (BSc Course Series)
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Slide 1: Customer Segmentation Without Labels

The Unsupervised Challenge Raw Data Sample:
o 10,000 customers, no categories Sample Customer Dataset (First 10 Records)

o Purchase history: $amounts, frequency

@ Demographics: age, location, income

. . . . Customer_ID Spending Visits Age

@ Behavioral data: website clicks, time spent o001 72 % %
C0002 1911 6 49

The Question: 0003 7518 = 51
“ . . ) C0004 1278 48 52
How do we group similar customers when we don't know 0005 a1 £l a0

. . 1 C0006 48 42 39

what similar means? o007 - : z
C0008 1759 25 61

C0009 1282 37 31

C0010 1475 16 45

No Teacher, No Labels
@ No “premium” vs “budget” categories
o No expert-defined segments
o Must discover patterns automatically

Unsupervised learning: Finding structure without ground truth

Machine Learning for Smarter Innovation (BSc Cou i Week Oc: Unsupervised Learni



Slide 2: Defining Similarity Mathematically

What Makes Customers Similar?
Euclidean Distance:

d(xi, %) = Z(Xik — Xji)? (1)
k=1

Example Calculation:
Customer A: [$500, 25 visits, age 30]
o Customer B: [$520, 28 visits, age 32]

o Distance = /(500 — 520)2 + (25 — 28)2 + (30 — 32)?
o Distance = /400 + 9 + 4 = 20.3

Mathematical foundation: Distance metrics define similarity

Machine Learning for Smarter Innovation (BSc Cou
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Distance Visualization:

Eudlidean Distance Calculation

.
L Distance Calculation:
210 -
= - Customer & 500, 251
H e Customer B: [520, 26]
B 205 L
: - = {(500-5207" + (25281
H ” 207 + (37
%0 L
255, L
0 @
%00 w25 50 S S0 55 S50 Siws 50
Sponding 9

Alternative Metrics:
e Manhattan: Y |x; — xj|
o Cosine: —>4 _
Hxi 11111

@ Correlation-based distances

October 6, 2025



Slide 3: No Ground Truth to Check Against

The Validation Problem Evaluation Challenge:
Supervised Learning:

‘Geographic Segments (k=2) Spending-based Groups (k=3)

o Training data: (features, labels)

o Test accuracy: Compare predictions vs truth

o Clear success metric

Unsupervised Learning: o o
@ Only features, no labels B T
. . ) A
@ No “correct” clustering exists _:’.:.',,
e
o Success is subjective 0o s w0 2s o0 25 s0 75 w0 s S0 s 00 25 50 7s
Detailed Demographics (k=5) Which is "Correct™?
The Dilemma: N
“How do we know if our clusters are good?”
5 . ®le
. ClS ?
%0 0 o
o | |

Multiple Valid Solutions:

o Geographic segments

Machine Learning for Smarter Innovation i Week Oc: Unsupervised Leal




Slide 4: Choosing Number of Clusters Problem

The K-Selection Dilemma K-Selection Methods:
Too FeW CIUSters (k=2) Elbow Method for Optimal k Selection

o Over-generalized segments 200 -~ Optimal k=4

o Miss important sub-groups 11500
@ Low business actionability
Too Many Clusters (k=50):

o Over-fragmented data

15000

12500

@ Noise becomes clusters
o Difficult to interpret

The Sweet Spot:
Meaningful, actionable segments that capture real _Elbow Point
customer differences. 0 —

Within-Cluster Sum of Squares (WCSS)

6
Number of Clusters (k)

Common Approaches:
@ Elbow method: Find “bend” in curve
@ Gap statistic: Compare to random
o Silhouette analysis: Cluster quality

@ Business constraints: 3-7 segments typical

Critical decision: Optimal number of clusters for business value
Machine Learning for Smarter Innovation (BSc Course Series) Week Oc: Unsupervised Learning October 6,




Slide 5: Quantify: Silhouette Scores & Within-Cluster Variance

Internal Validation Metrics Metric Interpretation:
Silhouette Score:

Sihoueti Pltfor Indvicual Sampies

b(i) — a(i)
max(a(r), b(1))

s(i) =

Where:

o a(i): Average distance within cluster

@ b(i): Average distance to nearest cluster

e Range: [-1, 1], higher is better

Within-Cluster Sum of Squares (WCSS): Quality Indicators:

@ Silhouette ; 0.5: Strong clusters

K
_ 2
WCSS = Z z; [Ix = pal| 3) o Silhouette 0.25-0.5: Weak clusters
k=1x€
e o Silhouette j 0.25: Poor clustering

o WCSS: Lower indicates tighter clusters

Practical Example:
Customer segmentation with Silhouette = 0.67 suggests
well-separated groups.

Quantitative evaluation: Internal metrics for cluster quality assessment

Machine Learning for Smarter Innovation (BSc Course Series) Week Oc: Unsupervised Learning October 6, 2025



Slide 6: Assign to Nearest Center Algorithm

K-means Algorithm Steps

1. Initialize: Place k random centroids 2. Assign: Each
point —nearest centroid 3. Update: Move centroids to
cluster centers 4. Repeat: Until convergence
Mathematical Foundation:

Assign: ¢; = argmin||x; — p,j||2 (4)
J
Update: pj = — Z Xi (5)
‘ Jl X €Sj

Where p; is centroid j, S; is cluster j.

Machine Learning for Smarter Innovation (BSc Cou

Algorithm Visualization:

Step 1: Random Initalization

Data Points
Iniial Centoids

o °®

B °

(O H R S S
Step 3 Updiate Centroids
o X Updated Conros

o X
.

.

.

4 L]

X

2 @

Convergence Criteria:

@ Centroids stop movin

Week Oc: Unsupervised Leal

Step 2: Assign to Nearest

X Contoids

1 2 B 0 5 5 7 5 g
Step 4: lterate




Slide 7: Worked Example with Actual Coordinates

Step-by-Step Example Complete Assignment Table:
Data Points:

e A:(2,3),B:(3,4),C:(8,7),D: (9, 8)
Initial Centroids (k=2):

K-means Example: Distance Calculations
@ DataPoints D
8 X nital Centroids ®
=-* Distanceto i’ =224
Distance to u" = 5.0

o pi: (1, 1), po: (6, 6) 7 o
Iteration 1 - Assignments: v
o Atopr: d=+(2 12+ (3-1)2 =224 ’
o Atouy: d=+/(2-6)2+(3—-6)2=5.0 o
o A —Cluster 1 E
>4 .B

3 .A

)

¥

1 2 3 4 6 7 8 9

5
X Coordinate

Machine Learning for Smarter Innovation (BSc Course Series) Week Oc: Unsupervised Learning October 6, 2025



Slide 8: [+] SUCCESS: Beautiful on Spherical Clusters

[+] K-means Excels Here Perfect K-means Scenario:
Ideal Conditions: R
X b
@ Spherical (circular) clusters o . v
o Similar cluster sizes ) . )
o Well-separated groups Sl
p group a e x
@ Gaussian-distributed data
Why It Works: “ e,
g S
@ Minimizes within-cluster variance WK I ik

@ Natural for spherical boundaries
Performance Metrics:

@ Silhouette Score: 0.75+

o Low within-cluster variance

@ Fast convergence
o Stable results

Real Applications:

o Customer segments by spending o Clear separation between clusters

o Geographic market regions o Intuitive business interpretation

o Result: Clean, actionable customer segments.
o Image color quantization

Success case: K-means performs excellently on spherical, well-separated data

Machine Learning for Smarter Innovation (BSc Course Series) Week Oc: Unsupervised Learning October 6, 2025



Slide 9: [-] FAILURE PATTERN: Breaks on Non-Convex Shapes

[-] K-means Fails Here Failure Visualization:
Problematic Shapes: o T o gt s Ko s s 0401
. X e
o Crescent/moon shapes .
o Elongated clusters
o Nested circles )
o Irregular boundaries =
Why It Breaks:
@ Assumes spherical clusters .
@ Uses linear decision boundaries
. . Crescent Data Table:
o Centroids pull toward geometric center
. Crescent Data: K-means vs True Clustering
o Ignores data density (Red = Incorrect Assignment)
Crescent Data Example:
Two interlocking crescents —K-means creates artificial e i ] g g =
vertical split. 3 T o5 i i e
"o 5 i Fove
B e g i : =
EE = i : i =

Machine Learning for Smarter Innovation (BSc Course i Week Oc: Unsupervised Learning



Diagnosis: Assumes Convex, Spherical Clusters

K-means Assumptions Voronoi Boundaries:
Mathematlcal COHStralnts: K-means Creates Voronoi Cell Boundaries

(Always Convex Regions)

@ Minimizes Euclidean distance to centroids

. . Y
o Creates Voronoi cell boundaries 100 Lee e,
o« °
H L]
@ Results in convex cluster shapes o ':v‘_l .
75 )
g

o Equal weight to all dimensions

Geometric Intuition: 50
K-means draws straight lines halfway between cluster
centers —Always convex regions.

When to Use K-means:

@ Spherical data distributions
o Similar cluster variances 25

@ Fast, scalable solution needed

Alternative Needed When:

@ Arbitrary cluster shapes

October 6,
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Slide 11: Human Introspection: How YOU Group by Proximity AND Density

Human Clustering Intuition Human vs K-means Grouping;:
How Do You See Groups?

@ Points close together —same group . PR X e
o Dense regions —natural clusters " . E .o -...“ ":::".

@ Sparse areas —boundaries or noise o ;:': x :

o Connected components —single cluster . . e , .

Visual Example:
Looking at stars in night sky:

o Constellation = dense group

o Dark space = natural separator Human Advantages:

@ Isolated stars = outliers @ Recognizes arbitrary shapes
Key Insight: Humans use density, not just distance to o Identifies noise naturally
centroids.

@ Uses local density information
o Handles varying cluster sizes

Challenge: Teach machines this intuition.

Human intuition: Density-based grouping comes naturally to us

Machine Learning for Smarter Innovation (BSc Course Series) Week Oc: Unsupervised Learning October 6, 2025



Slide 12: Hypothesis: DBSCAN (Density), Hierarchical (Agglomerative)

Alternative Approaches Method Comparison:
DBSCAN Hypothesis:
“Clusters are dense regions separated by sparse areas.” e K S
Core Principles: v
-
o High-density areas = clusters
o Low-density areas = boundaries

@ Isolated points = noise/outliers

o No need to specify k =0
- 0
Hierarchical Hypothesis:
P ; o . v as w25 w0 e s G s e es a5 e
Build clusters by merging similar groups. et Sctes e St
Core Principles:

Start with individual points
o Merge closest pairs iteratively
o Create tree of relationships '

o Cut tree at desired level o0 !

Advantages Over K-means:

o Handle arbitrary shapes

Machine Learning for Smarter Innovation (BSc Course S Week Oc: Unsupervised Learning




Slide 13: Zero-Jargon: “Find Crowded Neighborhoods”

DBSCAN in Plain English Neighborhood Visualization:
The Neighborhood Analogy:

DBSCAN Neighborhood Concept

@ Draw circle around each point "Find Crowded Areas”

Data Points

o Count neighbors inside circle o I-;-I Enegttiood (1)

" " H Neighbors (4 points)
e “Crowded” = many neighbors @ eghtors (4 poinis
@ “Sparse” = few neighbors

Simple Rules:
@ Core point: Has enough neighbors
@ Border point: Near a core point
@ Noise point: Not core, not border

Clustering Process:

Connect all core points within neighborhood distance. Add e ‘\\
border points to nearest core cluster. 2 '/ ® \I
s
N //

Real-World Example:

" October 6, 2025
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Slide 14: Geometric Intuition: Epsilon-Neighborhoods

DBSCAN Parameters Parameter Effect Visualization:
Epsilon (¢): Neighborhood radius

£20.5 (Too Small) £21.0 (Good)
(2 dlusters) (2 clusters)

@ Too small —all points are noise N
o Too large —everything is one cluster

@ Sweet spot —meaningful neighborhoods

MinPts: Minimum neighbors for core point
o Common choice: 2 * dimensions

@ Higher MinPts —denser clusters

@ Lower MinPts —more clusters o s:;u‘uarg?f oo e ?13‘:("‘:“;9; e
(2 clusters) clusters)
Geometric Interpretation: b N
e-neighborhood = circle of radius ¢ around each point. o> w-e

..

N ."'.. -é: o s,
$eae

o PR S A o

Parameter Selection:

@ k-distance plot for

Machine Learning for Smarter Innovation (BSc Cou i Week Oc: Unsupervised Learni




Slide 15: DBSCAN Algorithm Details

DBSCAN Algorithm Steps Algorithm Flowchart:
1. Label Points:

o Core: |N:(p)| > MinPts

o Border: In neighborhood of core point

DBSCAN Algorithm Steps

@ Noise: Neither core nor border )
o DBSCAN Algorithm Flowchart
2. Build Clusters: ¢

1. For each point p in dataset:

o Start with unvisited core point L Count neighbors within & distance

@ Add all density-reachable points 2. Classify points:

|- Core: = MinPts neighbors
Border: Within € of core point
Noise: Neither core nor border

@ Repeat for remaining core points

Density-Reachable:
Point q is density-reachable from p if there's a chain of 3. Form clusters:
core points connecting them.

|- Start with unvisited core point
|- Add all density-reachable points
L Repeat for remaining cores

4. Output:
L Clusters + noise points

Complexity: O(n log n) with spatial indexing

Machine Learning for Smarter Innovation (BSc Cou i Week Oc: Unsupervised Lear October 6, 2025




Slide 16: Full Walkthrough: Build Dendrogram with Actual Distances

Hierarchical Clustering Example Dendrogram Construction:
Data Points: v P —
o A: (11), B: (1), C: (4,3), D: (5.4) 1
Distance Matrix: c
10 L[]
\ A B C D 5
A0 10 36 50 ‘
B | 1.0 0 2.8 4.2
C |36 28 0 1.4 . .
D |50 42 14 0 e E—— R . R 0 ¢ s

Step 1: Merge A-B (distance = 1.0) . .
Step 2: Merge C-D (distance = 1.4) Linkage Methods:
Step 3: Merge (AB)-(CD) (distance = 2.8) o Single: Minimum distance between clusters

@ Complete: Maximum distance between clusters
o Average: Mean distance between all pairs
o Ward: Minimize within-cluster variance

Result: Tree showing all possible clusterings.

Hierarchical example: Building dendrogram step-by-step with real distances

Machine Learning for Smarter Innovation (BSc Course Series) Week Oc: Unsupervised Learning October 6, 2025



Slide 17: Visualization: Density Clusters

DBSCAN Results DBSCAN Cluster Visualization:
crescent Dataset (DBSCAN): DBSCAN Results: Crescent-Shaped Clusters
@ Parameters: € = 0.3, MinPts =5 125 ° @ Clustert
[ ]
o Result: 2 crescent-shaped clusters e ® o ©
. . . . e 1.00 ° o, g ®.
@ Noise points: 15 outliers identified 4 °
o Silhouette Score: 0.82 075 ° .‘
°
Success Factors: ° o?
050 [ 11
@ Handles non-convex shapes perfectly e ® o
@ Automatic noise detection o5 ® °
@ No assumption about cluster count o«
0.00 °

o Robust to outliers
Comparison: Same data that broke K-means now correctly 025
clustered.

-0.50

Color Coding:
@ Blue points: Cluster 1 (left crescent)

October 6, 2025
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: Visualization: Dendrograms

Hierarchical Clustering Results Customer Dendrogram:
Customer Segmentation Dendrogram:

Customer Segmentation Dendrogram
(Ward Linkage)

@ 100 customers, 5 features T ofens e s

o Ward linkage minimizes variance

@ Height = dissimilarity measure

Cut at different levels for k clusters

Reading the Tree:

@ Leaves = individual customers

@ Height = merge distance 75

@ Branches = cluster relationships

@ Cut horizontal line —k clusters

Business Value: Shows natural customer groupings and
relationships.

cia
co2
cos
13
cn
cos
1
o
cis
cis
o
c20
cos
cio
cos
cr2
coo
cor
cos
cis

Interpretation:
@ Major split: High vs low spenders
@ Sub-groups: Age demographics

o Fine structure: Behavioral patterns

av AT . goo 4 0
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Slide 19: Why It Works: Handles Arbitrary Shapes

Why Density-Based Methods Excel
Flexibility Advantages:

o No geometric assumptions

o Follows data distribution

o Adapts to local density variations

@ Separates signal from noise
Real-World Shapes:

o Geographic regions (coastlines)

@ Social networks (communities)

@ Gene expression patterns

o Anomaly detection boundaries

Mathematical Insight:
Density = local data concentration, not global geometric
properties.

Machine Learning for Smarter Innovation (BSc Cou

Shape Flexibility Demo:

Interleaved Spirals
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Examples Handled:

@ Spirals and crescents

Week Oc: Unsupervised Learning

Crescent Shapes

-0 05 0o 05 10 is 20
Elongated Clusters
. o Cusirt
o Cuser2
s
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Slide 20: Experimental Validation: Different Cluster Types Table

Comparative Performance Study Performance Comparison Table:
Test Datasets:

Algorithm Performance Comparison
(Green = Best Performance)

@ Spherical: Gaussian blobs
o Elongated: Stretched ellipses
o Crescent: Interlocking moons

@ Nested: Circles within circles

. . I I v I I S il IO 575
@ Noisy: 20% outliers added Sohorical 052 075 08 068 088 071
Eeongated o o4 0w o7z ow oo
Evaluation Metrics: Creseont o o o o s ]
Nesed o1s o0 oo o7 o7e oo
@ Adjusted Rand Index (ARI) Nosy oo oo oo o7 o7 oo
o Silhouette Score

o Computational Time

o Parameter Sensitivity

Key Findings:
@ K-means: Best on spherical data
o DBSCAN: Superior on complex shapes
@ Hierarchical: Good for exploration
@ No universal winner

Machine Learning for Smarter Innovation (BSc Course S Week Oc: Unsupervised Learning October 6,




Slide 21: Implementation: sklearn.cluster

Scikit-learn Implementation Production Pipeline:
K-means Implementation: L _
g-Pip
@ from sklearn.cluster import KMeans Scikit-learn Clustering Pipeline
@ kmeans = KMeans(n_clusters=3) Data Preprocessing i
« StandardScaler() for feature scaling |
o labels = kmeans.fit_predict(X) « PCA() for dimensionality reduction (optional) |
@ centroids = kmeans.cluster_centers._ !
|
DBSCAN Implementation: s r
. « DBSCAN(eps=0.5, min_samples=5) |
@ from sklearn.cluster import DBSCAN + AgglomerativeClustering(n_clusters=k) I
o dbscan = DBSCAN(eps=0.5, min_samples=5) !
r )
= . . | Model Fitting |
@ labels = dbscan.fit_predict(X) [ tobels = model. fit_predict(x |
Hierarchical Implementation: !
o from sklearn.cluster import Evaluation i
« silhouette score(X, labels)
° AgglomerativeClustering « adjusted_rand_score(true_labels, labels) |I

@ labels = hierarchical.fit_predict(X)
Evaluation Tools:

@ from sklearn.metrics import
@ silhouette_score, adjusted_rand_score

@ sil_score = silhouette_score(X, labels)
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Slide 22: Clustering Method Taxonomy

Clustering Algorithm Families Algorithm Taxonomy Tree:
Centroid-Based:

Complete Clustering Algorithm Taxonomy
@ K-means, K-medoids

@ Assumes spherical clusters Clustering Algorithm Taxonomy
Clustering Algorithms
o Fast, scalable |— Centroid-Based
|— K-means (spherical clusters)
H e H |— K-medoids (robust to outliers)
@ Requires k specification L Fuzzy C-means (soft assignments)
Density-Based: I— Density-Based
|— DBSCAN (epsilon neighborhoods)
_ H |— OPTICS (varying densities)
o DBSCAN, OPTICS, Mean-shift o e e
o Handles arbitrary shapes I— Hierarchical
|— Agglomerative (bottom-up)
o Automatic noise detection | I single linkage

| |— Complete linkage
.. | }— Average linkage
o Parameter sensitive | '~ Ward linkage

L— Divisive (top-down)

Hierarchical: I
. P |— Spectral clustering
o Agglomerative, Divisive L Comnunity detection
— Model-Based
° Creates CIUSter tree |— Gaussian Mixture Models
.pr . |— Hidden Markov Models
@ No k pre-specification L Deep clustering

o Computationally expensive

Modern Extensions:
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Slide 23: Algorithm Selection Guide

Decision Framework Selection Decision Tree:
Ask These Questions:
1. What shapes do you expect?

Algorithm Selection Decision Tree

@ Spherical —K-means
o Arbitrary -DBSCAN

@ Unknown —Hierarchical

Clustering Algorithn Selection Guide

START: Do you know the number of clusters?
|— YES: Do clusters have spherical shape?
2. Do you know k? | | YES: Are clusters similar size?
| F— YES - Use K-means (fast, reliable)

| L— N0 -~ Use Hierarchical (handles size variation)
L— NO: Is data noisy?

}— YES - Use DBSCAN (robust to noise)

L— NO - Try Spectral clustering

|

. . |

o Yes —K-means/Hierarchical !

o No -DBSCAN |
L— N0: Is noise a major concern?

3. HOW much noise? |— YES -+ Use DBSCAN (automatic noise detection)

L— No: Do you need hierarchy?
|— YES - Use Agglomerative clustering

@ Clean data —K-means L— NO: Try multiple algorithms
|— start with K-means + elbow method
. Valid: h DBSCAN
o Noisy data —DBSCAN £ Comre-remtes

Dataset Size Considerations:
+ Small (<1,000): Any algorithm

+ Medium (1K-10K): ALL algorithms work

- Large (>10K): Prefer K-means or Mini-batch variants

4. What's your dataset size?

o Large (;10K) —K-means

o Medium —Any method
e Small (j1K) —Hierarchical

Business Considerations:
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Slide 24: Modern Applications & Neural Network Preview

Real-World Applications

Modern Clustering Evolution:
Anomaly Detection: T

Anomaly Detection (Recommendation Systems)

o Fraud detection in banking

s x x . 0
o Network intrusion detection : , : . e
. * o
@ Quality control in manufacturing N L e - .
o Medical diagnosis outliers ° : o .
Recommendation Systems: ! ' . o8
@ User behavior clustering b I i oL BE S
@ Product category discovery S e . . L e T e

Business Inteligence Neural Network Approaches

o Content similarity grouping

o Market basket analysis

Business Inteligence Applcations:

Neural Network Clustering:

. . s sgmann e
Business Intelligence: Beroroonioues e eroaraira

- Dimensionaily reducto
“Value-based segments. ~Fealure extraction

. - Marot Research

o Customer segmentation gw;mm?:g:;z;
g denieatan

@ Market research i vt

racees vt

Ro

* Self-Organizing Maps

Dovp Erbadied Cusang
- End-to-ond lea
~ Joint optimi
Stto-oftno-ar resuts

o Operational optimization

o Risk assessment

Neural Network Preview:
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Overview

@ Foundation: The Innovation Challenge
© Algorithms: Clustering Fundamentals

© Implementation: From Theory to Practice
@ Design Integration: Summary & Practice

© Practice: Workshop & Advanced Tips

Machine Learning for Smarter Innovation BSc-Level Course



PART 1

Foundation & Context

Understanding why we need ML for innovation

Key Questions We'll Answer:

Why do traditional methods fail at scale?
How does ML amplify human creativity?
What is the dual pipeline approach?

Where does clustering fit in innovation?

Let’s build your foundation



Innovation Discovery: The Starting Point

Finding Order in Chaos - Your First Challenge

Innovation Discovery: Where Do We Start?

What you see:

@ 5000+ scattered ideas
s @ No clear patterns
7 . @ Hidden connections

@ Overwhelming complexity

5 25 5 What ML will find:
g 5 2 q
S H @ Natural groupings
g o0 H R
i @ Innovation types
. @ Relationships
25
@ Opportunities
-5.0
2
-75
-100 78 -s0 25 00 s 50 75 100
Technology Readiness
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The Innovation Challenge: A Detailed Comparison

Why Traditional Design Thinking Needs Al Enhancement

Scale Problems:
@ Can analyze 50-100 ideas manually
@ Takes weeks for basic insights
@ Limited to obvious patterns
Human Biases:
@ Confirmation bias
@ Availability heuristic
@ Anchoring effects
Process Issues:
@ Sequential analysis
@ Manual categorization

@ Static frameworks

Scale Advantages:
@ Process millions of data points
@ Real-time pattern recognition
@ Find non-obvious connections
Objective Analysis:
@ Data-driven discovery
@ Statistical validation
@ Unbiased grouping
Dynamic Process:
@ Parallel processing
@ Automatic clustering

@ Adaptive learning

The Promise: 100x more insights, 10x faster innovation, 0 human bias

Machine Learning for Smarter Innovation
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The Dual Pipeline: A Revolutionary Approach

Where Machine Learning Meets Design Thinking

Dual Pipeline Approach: ML + Design Thinking

Machine Learning Pipeline Design Thinking Pipeline

Data Collection Empathize

Preprocessing

Define

Ideate

|
Prototype




Current Reality: The One-Size-Fits-All Problem

Why Generic Categories Fail Innovation

The Current Reality: Scale Challenge in Innovation

Traditional Approach: Manual Analysis ML Approach: Automated Discovery

Left Side Issues:
@ Square pegs, round holes

@ Forced categorization

Feature2
Feature 2

N ' Ty @ Lost uniqueness
@ Missed patterns

Right Side Benefits:
B — @ Natural fit

o 25
Feature 1 Feature 1

@ Data-driven groups
@ Preserved characteristics
°

Revealed patterns

Real Example: Netflix used to have 10 movie categories. Now they have 76,897 micro-genres thanks
to clustering!

Algorithmic pattern recognition scales beyond human cognitive limits - computational analysis enables orders-of-magnitude;increasgs in diseovery capacity

Machine Learning for Smarter Inn;
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Innovation Archetypes: What We'll Discover

Common Patterns Hidden in Your Data

1. Disruptive Innovation 4. Business Model Innovation

@ Reshapes entire markets @ New value creation

@ High risk, high reward @ Revenue model changes

@ Example: Uber vs taxis @ Example: Freemium models
2. Incremental Innovation 5. Process Innovation

@ Step-by-step improvements @ Efficiency improvements

@ Low risk, steady gains @ Cost reduction focus

@ Example: iPhone iterations @ Example: Lean manufacturing
3. Service Innovation 6. Platform Innovation

@ New delivery methods @ Ecosystem creation

@ Customer experience focus @ Network effects

@ Example: Amazon Prime @ Example: App stores

Clustering reveals: Which type each of your 5000 ideas belongs to automatically!

Machine Learning for Smarter Innovation BSc-Level Course



The Innovation Diamond: Our Visual Framework

From 1 Challenge to 5000 Ideas to 5 Strategic Solutions

Innovation Diamond

From Single Challenge to Strategic Solutions

10

Explore dea
Divergent P | Convergent
Thinking - Thinking

500
ge Filter
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Where We Are: Week 1 in the 10-Week Journey

Clustering & Empathy - The Foundation of Everything

Weeks 1-3: Empathize

@ Week 1: Clustering & patterns

@ Week 2: Advanced clustering

@ Week 3: NLP & emotional context
Week 4: Define

@ Classification & problem framing
Week 5: Ideate

@ Topic modeling & idea generation

By the end of today:

Understand clustering fundamentals
Apply K-means to real data

Find optimal cluster numbers
Create user personas from clusters
Build empathy maps

Identify innovation opportunities

You'll be ready for:

Week 2's advanced techniques

Real-world clustering projects

Foundational concepts enable advanced techniques - mastering core principles precedes successful application of sophisticated methods

Machine Learning for Smarter Innovation
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PART 2

Technical Core

Learning the algorithms step by step

What You'll Master:

K-means clustering algorithm

Finding optimal number of clusters
Measuring cluster quality

Advanced techniques (DBSCAN, Hierarchical)
Choosing the right algorithm

No math degree required!



What is Clustering? A Visual Introduction

Like Organizing Your Music Library - Automatically!

From Chaos to Clarity: The ML Journey

Stage 1: Data Chaos Stage 2: ML Processing Stage 3: Pattern Clarity.

" N " Clustering is like:
* . . @ Sorting laundry by color

Organizing books by topic

Dimension2.
Dimension
Dimansion

°
@ Grouping friends by interests
°

25 29 % 25
Arranging apps by category
50 50 50
a8 s s Tt K.ey' principle:
R . . e O 5 ! L ST ! L .l Similar things belong together

Dimension 1 Dimansion 1 Dimension 1

ML advantage:
Finds patterns you didn't know ex-
isted

Remember: The computer doesn’'t know what the groups mean - it just finds things that are similar!

Clustering is unsupervised learning - algorithms find patterns without labeled examples or predefined categories

Machine Le:

ing for Smarter Inn:
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K-Means Clustering: The Workhorse Algorithm (Part 1)

Setting Up - Like Choosing Neighborhood Centers

What is K? What happens:
@ Number of groups you want @ Place K random points in space
@ Your hypothesis about the data @ These become initial centers

How to choose: @ Like dropping pins on a map

@ Domain knowledge (you know there are 5 types) Smart initialization:
@ Elbow method (we'll learn this) @ K-means++ (spread out centers)
@ Business requirements (need 3 segments) @ Multiple random starts

Common mistake: @ Best of N attempts

Too many K = overfitting

Too few K = underfitting Wiy (2 (ETEeTRE

Bad initialization = poor clusters

K-means Initialization Methods

Al Al 5 Q:
" % . & B
00 o - o

Machine Learning for Smarter Innovation
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K-Means Clustering: The Workhorse Algorithm (Part 2)

The Iteration Dance - Finding Natural Groups

For each point:

@ Calculate distance to all
centers

@ Assign to nearest center
@ Forms initial clusters

Distance metric:
Usually Euclidean
(straight line distance)

Feature 2

Meration 1

For each cluster:
@ Calculate mean position
@ Move center to mean
@ Centers drift to density

Why mean?
Minimizes total distance
(mathematical optimum)

K-means Algorithm Evolution
teration 2

teration 5

Keep iterating:
@ Repeat steps 3-4
@ Until centers stop moving
@ Usually 5-10 iterations

Convergence:
Centers stabilize
Clusters finalized

Hteration 3

Hteration 6

BSc-Level Course



The Goldilocks Problem: How Many Clusters?

Not Too Few, Not Too Many, But Just Right!

Too Few Clusters (K=2)

*

Problems:

Oversimplification
Mixed segments
Lost details

Generic insights

Just Right (K=4)

& *
75
‘e

Benefits:
@ Clear segments
@ Actionable insights
@ Manageable complexity

@ Distinct patterns

Issues:

Overfitting
Tiny segments
Analysis paralysis

No strategy possible

BSc-Level Course




The Elbow Method: Finding Optimal K

A Data-Driven Approach to Choosing Clusters

Choosing the Right Number of Innovation Clusters.
The Elbow Method: Finding Optimal k Visual Comparison: Different k Values

E - - The Process:
‘ ' O TryK=1,23,..10

20000 ;u'.

oo @ @ Measure "inertia” (total distance)
&

g i s © Plot the curve

- @ Find the "elbow” point

What is inertia?

Sum of distances from points to their cluster center
The elbow:

Where adding more clusters doesn’t help much

In this example:

K = 4 is optimal

Pro Tip: If there's no clear elbow, try other methods like silhouette analysis

Elbow method quantifies trade-off between cluster count and within-cluster variance - look for diminishing returns

Machine Learning for Smarter Inn;
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Distance Metrics: How We Measure

Different Ways to Calculate Similarity

" Closeness”

Euclidean Distance

8 8
7 7
6 ) 6
/
/
/
5 s 5
d=4.00
7
>4 J 4
/
/
3 - 3
/
/
¥
2 [} 2
1 1
% 1 2 3 4 5 6 7 g ©
X

Straight line distance
" As the crow flies”
Use when:

@ Continuous data

Machine Learning for Smarter Innov.

Distance Metrics Comparison

Manhattan Distance

e

i

i

i

i

i

i

i

i

i

d=7.0 !

i

i

i

P R i

1 2 3 4 5 6
X

City block distance
"Walking in a grid”
Use when:

@ Grid-like data

Cosine Similarity

Angular similarity
" Direction matters”
Use when:

@ Text data




Evaluation Metric: Silhouette Score

Measuring How Well-Separated Your Clusters Are

Silhouette Analysis

Clusters with Silhouette Scores Silhouette Plot for Each Cluster

o 202 K What it measures:

4 @ Cohesion: How close points

L g are to their cluster

g > %A%t i
H Lowe 04 : ! .
LIPS o ® ° @ Separation: How far from
. ” other clusters

P . sof Score range: -1to +1

e '2#"-' I Interpretation:

e R i @ > 0.7: Strong

@ 0.5-0.7: Reasonable
@ 0.25-0.5: Weak
@ < 0.25: Poor

Our score: 0.73
Excellent clustering!

Think of it as: A grade for your clustering - higher is better!

BSc-Level Course



DBSCAN: When Circles Don't Work

Density-Based Clustering for Complex Patterns

DBSCAN Clustering

! What makes it special:
@ Finds any shape
, , @ No need to specify K
o "»\.:__\,J o R @ @ |dentifies outliers
S e ' S S e @ Handles noise
How it works:
@ Looks for dense regions
@ Connects nearby points
@ Expands clusters naturally
@ Marks sparse points as noise
Perfect for:
@ Geographic data
@ Network analysis
@ Anomaly detection

@ Complex patterns

Machine Learning for Smarter Innovation BSc-Level Course



Choosing the Right Algorithm: A Decision Guide

Match Your Data to the Right Method

Algorithm Speed Shape Need K? Outliers Best Use Case
K-Means Fast Spherical Yes Sensitive Quick customer segmentation
DBSCAN Medium Any No Robust Finding fraud patterns

Slow Any No Moderate  Organization taxonomy
GMM Medium Elliptical Yes Moderate Mixed populations

You need results fast Clusters have weird shapes

Data has clear groups You have outliers
You know approximate K You don’t know K

Groups are similar size Density varies

You're just exploring Need robust results

Pro Tip: Try K-means first for speed, then DBSCAN if results aren't satisfactory

Algorithm selection framework: start simple (K-means), upgrade only when data characteristics demand it (shapes, outliers, unknown K)

Machine Learning for Smarter Innovation BSc-Level Course



When to Use Which Clustering Algorithm: Judgment Criteria

When to Use Which Clustering Algorithm: Decision Framework

What is your priority?
! L
Fast resufs needed Non-convix clusters Multeuf groups
Round-sh clusters Ouilergpresent Explore cpanularly
Know abproc K Varying Hensiies Taxonomy buikdin
Fist eWoration Don' Wiow K malcWatase!
K-MEANS DBSCAN HIERARCHICAL
O(nKd) complexity Density-based Dendr am output
Sonorca Handlea any shape Nestd cusers
Redures K parameter danias noise Cutatany vl
Fastest option Requires eps/minPts (%) or O()

Additional Considerations

Dataset Size: Very large (>100K points) = MiniBatch K-neans; Small (<10K) + Hierarchical feasible

Outliers Critical: Fraud detection, anomaly detection - DBSCAN preferred

ft Assignnents Needed: Mixed pop. Gaussian Mixture)

High Dinensions: 4>20 ~ Curse of dimensionality affects distance; Consider dinensionality reduction first

Reproducibility: Random init sensitivity = Use K eed; DBSCAN/Hierarchical deterninistic
roduction Deployment: Streaming data - BIRCH; Real-time - K-means; Batch - Any algorithn suitable

Machine Learning for Smarter Innovation
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Innovation archetypes from clusters
Journey maps for each segment
Opportunity heat maps

Priority matrices

Action plans

PART 3

Design Integration

Turning clusters into innovation insights

What You’ll Create:

From data to design decisions



From Clusters to Innovation Archetypes

Transforming Mathematical Groups into Actionable Personas

innovation Archetypes: 6 Distinct Patterns

’ ¢ : Step 1: Analyze cluster characteristics
- - - @ Common features
@ Behavioral patterns
@ Pain points
Step 2: Build personas
L ]

@ Name the archetype
ot coe @ Define key traits
@ |dentify needs
Step 3: Design strategies
@ Tailored solutions
@ Specific messaging

@ Custom journeys

Example: Cluster 3 — "Early Adopters” — Need bleeding-edge features and exclusivity

Machine Learning for Smarter Innovation BSc-Level Course



Innovation Opportunity Heat Map

Where to Focus Your Innovation Efforts

Innovation Opportunity Heatmap

Healincare

Finance

Market Sectors

Education

Manufacturing

Energy

B y’df \;a?@ &

100

005 Anioddo

Color intensity:
@ Dark red: High opportunity
@ Orange: Medium potential
@ Yellow: Low priority
Key findings:
@ Disruptive: Scalability gaps
@ Incremental: Integration needs
@ Platform: Network effects

Action:
Focus on red zones first for maximum
impact

BSc-Level Course



Design Priority Matrix: Where to Start

Balancing Impact and Effort for Smart Innovation

Design Priority Matrix: Impact vs Effort Analysis

Qe ine sy
(Hion mpac Low Efor) ¢

Fitine usstion ks
(Low ot Low Efor) (Lowmpact High Etort)

Implomentation Efot —

Machine Learning for Smarter Innovation

Quadrant 1: Quick Wins
High Impact, Low Effort

@ Do these first!
@ Fast validation
@ Build momentum

Quadrant 2: Strategic
High Impact, High Effort

@ Plan carefully
@ Allocate resources
@ Long-term value

Quadrant 3: Fill-ins
Low Impact, Low Effort

@ Do when free
@ Nice to have

Quadrant 4: Avoid
Low Impact, High Effort

@ Not worth it!

BSc-Level Course



Cluster-Specific Innovation Journeys

Different Paths for Different Innovation Types

Customer Journey Map with Cluster Touchpoints

Awarenoss Consideration Purchaso. Onboarding

Loyaty.

Disruptive (Red):
@ Fast adoption curve
@ High initial resistance
@ Exponential growth
Incremental (Blue):
@ Steady progression
@ Low resistance
@ Linear growth
Platform (Green):
@ Network effects
@ Slow start, fast scale
@ Community-driven

Design implication:
Each needs different support!

Machine Learning for Smarter Innovation
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Review key concepts
See real examples
Try hands-on exercise
Get resources

Preview next week

PART 4

Summary & Practice

Putting it all together

Final Steps:

You're ready to cluster!



Key Takeaways: Your Clustering Toolkit

What You've Learned Today

You understand: You can now: You'll create:
@ What clustering does @ Choose K wisely @ Innovation archetypes
@ Why it beats manual sorting @ Run K-means @ Journey maps
@ How algorithms work © Evaluate results @ Priority matrices
@ When to use each type @ Select algorithms @ Opportunity maps
@ Quality metrics @ Interpret clusters @ Action plans

Main Message: Clustering transforms overwhelming data into actionable innovation
insights!

Your turn: Ready to try clustering on your own innovation data?

Conceptual understanding combines with algorithmic knowledge and design skills - integrated comprehension enables practical application

Machine Learning for Smarter Innovation BSc-Level Course



Practice Exercise: Your First Clustering Project

Hands-On Learning with Real Data

Dataset: 1000 product reviews import pandas as pd

Goal: Find customer segments from sklearn.cluster import KMeans
from sklearn.preprocessing import StandardScaler

Steps:
© Load the data @ Logel GElg .
data = pd.read_csv(’reviews.csv’)
@ Preprocess features
_ # Preprocess
© Run K-means (K=3,4.5) scaler = StandardScaler()
@ Use elbow method X = scaler.fit_transform(data[features])
© Calculate silhouette # Cluster
@ Interpret clusters kmeans = KMeans(n_clusters=4)
labels = kmeans.fit_predict(X)
@ Name segments
@ Create personas # Analyze
) ] data[’cluster’] = labels
Time: 30 minutes print(data.groupby(’cluster’) .mean())

Difficulty: Beginner

Hint: | ook for patterns in ratings, sentiment._and
Machine Learning for Smarter Innovation BSc-Level Course




Your Implementation Checklist

Step-by-Step Guide to Clustering Success

Data Collection: Algorithm: Interpretation:
[J Gather features [ Choose method [J Analyze clusters
[0 Clean data [ Set parameters [0 Name segments
[J Handle missing U Run clustering [J Create personas
[J Remove duplicates U Save results [J Document insights
Preprocessing: Validation: Action:
[J Scale features U Elbow method [J Design strategies
[J Encode categorical 0 Silhouette score [J Build solutions
[J Feature selection [ Visual inspection [J Test with users
[0 Check distributions [ Stability check O lterate

Success Rate: Teams using this checklist have 85

Systematic workflows reduce errors - structured procedures prevent common implementation failures

Machine Learning for Smarter Inn; BSc-Level Course



Next Week: Advanced Clustering & Beyond

Building on Your Foundation

Week 2 Preview: Advanced Clustering

Week 1: Basics Week 2: Advanced

Advanced Techniques:
@ Deep dive into DBSCAN

@ Gaussian Mixture Models

~— ~ynamic custering

ysis

@ Spectral clustering
onscan oo ove " ontn Custeg @ Online clustering
Real Applications:

@ Customer segmentation

@ Market analysis
Buiding on Week 1 Foundation @ Fraud detection
@ Recommendation systems
You’ll Build:
@ Dynamic clustering pipeline
@ Real-time segmentation

@ Adaptive personas

BSc-Level Course
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Resources for Deeper Learning

Continue Your Clustering Journey

Online Courses: Python Libraries: Key Papers:
@ Coursera ML Course @ scikit-learn ©® MacQueen (1967) K-means
@ Fast.ai Practical ML @ pandas @ Ester (1996) DBSCAN
@ Google's ML Crash Course @ numpy @ Rousseeuw (1987) Silhouette
Interactive: @ matplotlib Books:
@ Kaggle Learn GUI Tools: @ Pattern Recognition (Bishop)
@ DataCamp @ Orange3 @ Elements of Statistical
@ Google Colab notebooks @ KNIME Learning
o RapidMiner @ Hands-On ML (Géron)
@ Weka

Join our community: Slack channel #ml-innovation for questions and discussions!

Continuous learning resources extend beyond classroom - leverage online courses, tools, papers, and community for ongoing skill development

Machine Learning for Smarter Innovation BSc-Level Course



Your Clustering Journey Starts Now!

From Learning to Doing

You've learned the fundamentals of clustering

Now it's time to apply them!

Find patterns in your own data: Remember:
@ Choose a dataset (your own or public) o Start simple with K-means
@ Apply K-means clustering o Always scale your data
© Find optimal K using elbow method o Visualize everything
@ Calculate silhouette score @ Trust the elbow method
@ Interpret and name your clusters o Validate with domain knowledge
@ Share results on Slack! @ lterate and improve

Questions? Let’s discuss!
Office hours: Tuesday 2-4pm — Slack: #ml-innovation

Machine Learning for Smarter Innovation BSc-Level Course 33/37



Live coding demonstration
Troubleshooting common issues
Advanced clustering tips

Q&A session

Group exercises

PART 5

Hands-On Workshop

Practice makes perfect

Workshop Activities:

Let’s build together!



Live Demo: Clustering Innovation Ideas

Step-by-Step Implementation

Innovation Ideas Dataset: Live coding setup:
@ 500 startup pitches @ Open Jupyter notebook
@ Features: industry, funding, team size @ Download demo dataset
@ Goal: Find innovation patterns @ Install required packages
We'll implement: @ Follow instructor step-by-step
@ Data loading and exploration Key learning points:
@ Feature preprocessing @ Real data challenges
© K-means clustering (K=3-8) @ Parameter tuning
© Elbow method analysis @ Interpretation strategies
@ Silhouette validation @ Visualization techniques
@ Cluster interpretation @ Common pitfalls
Expected outcome: Take notes on:
5 distinct innovation archetypes Your specific questions and insights

Interactive: Ask questions anytime during the demo - let's learn together!

Machine Learning for Smarter Innovation BSc-Level Course




Troubleshooting: Common Clustering Pitfalls

Learn from Others’ Mistakes

Problem: Poor results Problem: Bad clusters Problem: Unclear meaning
Common causes: Common causes: Common causes:
@ Unscaled features @ Wrong K value @ Too many clusters
@ Missing values @ Poor initialization ® Mixed feature types
@ Outliers @ Wrong algorithm choice @ No domain knowledge
@ Wrong features @ Local optima @ Over-interpretation
Solutions: Solutions: Solutions:
@ Always use StandardScaler @ Use elbow method + @ Start with fewer clusters
@ Handle missing data first ElhouEtie @ Separate numeric/categorical
@ Remove or transform outliers © Try K-means++ initialization @ Involve domain experts
@ Feature selection/engineering @ Consider DBSCAN for odd @ Focus on clear patterns
Quick check: shapes Remember:
Plot feature distributions first! @ Run multiple times, pick best Clusters should tell a story!
Pro tip:

Visualize clusters in 2D /3D first

Troubleshooting common pitfalls accelerates mastery - pattern recognition of typical mistakes prevents repeated failures

Machine Le: BSc-Level Course
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Advanced Clustering Tips

Professional-Level Insights

Create better features: Multiple validation metrics:

@ Ratios (profit/revenue) @ Silhouette score (quality)

@ Interactions (age X income) @ Calinski-Harabasz (separation)

@ Time-based (seasonality) @ Davies-Bouldin (compactness)

@ Domain-specific (innovation score) @ Business validation (makes sense?)
Dimensionality reduction: Stability testing:

@ PCA before clustering @ Bootstrap sampling

@ t-SNE for visualization @ Different random seeds

© Feature selection (SelectKBest) o Cross-validation
Example: @ Temporal stability

Customer data: Create " lifetime value” from purchase his-

tory before clustering Golden rule:

If results change dramatically with small data changes, be
suspicious!

Industry Secret: The best clusters often come from the 3rd or 4th iteration, not the first attempt!

Machine Learning for Smarter Innovation BSc-Level Course



Classification & Definition

Teaching Machines to Make Decisions Like Experts

Week 4: Machine Learning for Smarter Innovation

Transform Gut Feelings into Scalable Intelligence



Today's Journey: From Confusion to Clarity

Four Stages of Mastery

1. The Problem - Why human judgment fails at scale
2. The Framework - Teaching machines to judge

3. The Algorithms - Five ways to draw decision lines
4

. Design Integration - From algorithm to user experience

Core Question: You have 10,000 ideas. Your budget allows 10. How do you choose? ]

Classification systems enable predictive decision-making - supervised learning transforms historical patterns into probabilistic success forecasts

Classification & Definition 2 /34



Your Challenge: 10,000 Ideas, 10 Slots

The $100 Million Decision

The Scenario:

uccess Prediction Dashboard

® You run an innovation fund

® 10,000 proposals submitted

® Budget for exactly 10 projects
® Each costs $1M to develop

® Winners return $10-15M

® |osers return $0

The Stakes:
® Choose right: $100M+ return
® Choose wrong: $10M loss

® Your job depends on this

Problem: Reading 10,000 proposals takes 2,500
hours (15 months)

High-stakes decisions under time pressure amplify human biases - volume constraints force systematic evaluation frameworks

Classification & Definition 3/34



Why Human Judgment Fails at Scale

The Four Horsemen of Decision Failure

1. Cogpnitive Overload 3. Bias Creep
® After 20 decisions: 95% accuracy ® Prefer familiar industries (42%)
® After 100 decisions: 75% accuracy ® Favor confident presenters (38%)
® After 500 decisions: 55% accuracy ® Overweight recent successes (31%)
® After 1000 decisions: Random guessing ® Undervalue quiet innovation (45%)
2. Inconsistency 4. Pattern Blindness
® Same proposal, different days ® Can't see patterns across 10,000 items
® Morning: “Brilliant!” (Accept) ® Miss subtle success indicators
® Afternoon: “Too risky” (Reject) ® Overlook correlation combinations
® 30% decision flip rate ® Focus on obvious, miss important

Result: Human experts achieve 62% accuracy on innovation prediction

Expert judgment remains probabilistic - domain knowledge improves accuracy but cannot eliminate uncertainty
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The Real Cost of Decision Errors

When Judgment Fails, Everyone Loses

Type | Error: False Rejection
Cost Matrix: Type | vs Type Il Errors - Asymmetric Error Costs ° Rejected Airbnb (now $7SB)
® Passed on WhatsApp ($19B exit)
® Declined Uber seed round

® Cost: Infinite (missed unicorns)

Type Il Error: False Acceptance
® Theranos: $945M lost
® Quibi: $1.75B lost
® Juicero: $120M lost

® Cost: Entire investment

The Pattern: Humans are good at avoiding obvious failures but terrible at spotting hidden gems ]

False negatives incur opportunity costs - missing exceptional cases often proves more costly than accepting marginal failures
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The Exponential Scale Challenge

Why “Just Hire More Experts” Doesn’t Work

Linear Scaling Myth: The Consistency Problem:
® 1 expert: 100 decisions/day ® 2 reviewers: 85% agreement
® 10 experts: 1,000 decisions/day? ® 5 reviewers: 61% agreement
® Reality: 600 decisions/day ® 10 reviewers: 42% agreement
® Why? Coordination overhead ® 20 reviewers: 28% agreement
Quality Degradation: Cost Explosion:
< 100 ® 1 expert: $150K/year
z ® Team of 10: $2M/year (with overhead)
g or i} ® Still only handle 1% of volume
3% 60 | ® 3-week decision lag
8 I I I
0 5 10 15 20
Number of Reviewers
We need a fundamentally different approach: Machine Classification
Classification enables scale - systematic categorization transforms overwhelming vol into geable decision inputs
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Enter Machine Learning Classification

From Human Limits to Algorithmic Scale

What Classification Offers: Real Performance:
1. Infinite Scale - . Metric Human ML
® Process .1(?,00? in minutes Accuracy 62% 59%
® Or 10 million in hours Speed 15/hour 10,000/min
® No fatigue, no degradation Cost $50/decision $0.001
2 fect Consi Consistency 70% 100%
- Perfect Consistency Scale limit 1,000 Unlimited
® Same input = Same output
® No mood swings
® No time-of-day effects The Promise:

Turn subjective judgment into

3. Pattern Detection 2 A .
objective, scalable intelligence

® Finds subtle correlations

® Combines 100+ factors

® |earns from history

Supervised learning formalizes decision patterns - explicit examples enable algorithmic generalization of human judgment

Classification & Definition
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Let's Start Simple: Yes or No

Binary Classification - The Foundation

Familiar Examples:

Email: Spam or Not Spam
Medical: Cancer or Healthy
Credit: Approve or Reject
Photo: Cat or Dog

Review: Positive or Negative

How Humans Do It:

1.

2
3.
4

Look for telltale signs

. Weigh evidence

Make decision

. Binary: Yes or No

How Machines Learn It:

Feature 2
()
° (]
[
Class YA < Class B
® "~ __
O. T~
[
— - Feature 1
Decision Line

Key Insight: Classification is just drawing a line (or curve) that
separates two groups

Geometric partitioning enables decision-making - separating hyperplanes transform multidimensional feature spaces into actionable categories

Classification & Definition

8 /34



From Yes/No to How Confident?

Probability - The Power of Uncertainty

Why Probability Matters: The Probability Transform:

Binary Says: 100

® Email IS spam
® Loan WILL default
® User WILL churn

80

60

40

Probability (%)

Probability Says:
® Email: 95% likely spam o | |
® Loan: 73% default risk - ° 2

Distance from Line
® User: 41% churn risk

20

This Enables: Example: Innovation proposal
Score: 82% success probability
® Risk-based decisions Decision: Invest (threshold: 70%)

® Threshold tuning

® Confidence ranking

Probabilistic outputs quantify uncertainty - confidence scores enable risk-weighted decisions beyond binary classifications

Classification & Definition
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Beyond Binary: Multiple Categories

When Life Has More Than Two Options
Real World is Multi-Class:

® Innovation: Failed / Moderate / Success / Unicorn
® Customer: Detractor / Passive / Promoter

® Risk: Low / Medium / High / Critical

® Emotion: Joy / Anger / Fear / Surprise / Sad

Two Approaches:
1. One-vs-Rest:
® Isit A? (vs B,C,D)
® |sit B? (vs A,C,D)
® Isit C? (vs AB,D)
® Pick highest confidence
2. Direct Multi-Class:
® Learn all boundaries at once

® More complex but often better

Classification & Definition

i-Cl

a

%

Analysis

Mult-Class Classification
Failed | Struggling | Growing | Breakthrough

Probability Distribution:

Category  Probability
Failed 12%
Moderate 31%
Success 44%
llnicrArn 120/
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Features: Teaching Machines What to Look At

Converting Reality to Numbers

Innovation Proposal Features: Feature Space Visualization:
Numerical (Direct): Innovation Success n Difrent Fature Spaces

® Team size: 5 people

. Original Feature Space (Top 2 Features) PCA Projoction
® Years experience: 12 years "
® Market size: $2.3B "
® Development time: 18 months

® Funding requested: $1.5M

techica_complacy

Categorical (Encoded):
® Industry: Tech — [1, 0, 0, 0] . ’ | . R

* Stage: Seed = [1,0, 0 o L PR
e Location: SF — [0, 1, 0, 0, 0] i Team s Devaepment Sace
Text (Extracted): .
® Sentiment score: 0.73 L ,
® Complexity: 8.2/10 :

® Keywords: 15 industry terms

[ 27 F. — 27 D
Classification & Definition 11 / 34




Decision Boundaries: Where the Magic Happens
Different Ways to Separate Classes

Decision Boundaries: How Different Algorithms Classify Innovation Success.

Logistic Rogression Decision Tree

o falma
o Sucoses

FrstPrinipa Component

Linear Boundary:
® Simple straight line
® Fast to compute
® Easy to interpret

® Works when classes are “linearly separable”

Non-Linear Boundary:
® Curves, circles, complex shapes
® Captures complex patterns
® More flexible

® Risk of overfitting

The Trade-off:
® Simple = Fast + Interpretable
® Complex = Accurate + Flexible

® Choose based on your needs

Different algorithms draw different types of boundaries

Algorithm diversity reveals trade-offs - different boundary-drawing approaches suit different data structures and decision contexts

Classification & Definition
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Training: How Machines Learn to Classify

From Examples to Intelligence

The Learning Process: Learning in Action:

1. Start with Data:
® 1000 past proposals Iteration 1: Random Iteration 10: Learning
® Each labeled: Success/Fail A ‘
® 27 features per proposal 52% accuracy

2. Split for Training:
® 70% Training (700 examples)
® 15% Validation (150 examples)
® 15% Test (150 examples)

Iteration 100: Optimal

3. Algorithm Learns: 89% accuracy
® Finds patterns in training data
® Adjusts decision boundary
® Tests on validation Result: Machine learns optimal boundary from
® Repeats until optimal examples, achieving 89% accuracy

Example-based learning generalizes patterns - sufficient representative instances enable algorithms to infer underlying decision rules

Classification & Definition 13 /34



The Overfitting Trap

When Machines Learn Too Well

The Memorization Problem:
Imagine studying for an exam:

® Memorize all past questions
® Score 100% on those questions
® But fail on new questions

® You memorized, didn't understand

Same with Machines:
® Train too long/complex
® Perfect on training data (99%)
® Terrible on new data (61%)

® Memorized noise, not patterns

~—

I ————— . . |y

F L SR ——

The Solution: Validation Set
® Keep 15% data hidden
® Never train on it
® Test periodically

® Stop when validation peaks

Learning Gurves: Model Performance vs Training Size

Golden Rule: If it’s too good to be true on training data, it probably is

Classification & Definition
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Five Algorithms, Five Philosophies

Different Ways to Solve the Same Problem

Our Arsenal:

Classification Algorithm Comparison

—— produetinnenalon Sucees redeton 1. Logistic Regression
The straight line

2. Decision Trees
o 20 questions game
3. Random Forest
. Ask 100 experts

4. SVM
Maximum margin

el o B Sy 5. Neural Networks
: : Stacked patterns

Performance Preview:

® Speed vs Accuracy

o ® Interpretability vs Power

® Simple vs Complex

Context determines optimal method - algorithm selection requires matching approach characteristics to problem structure and constraints

Classification & Definition 15 / 34



Algorithm 1: Logistic Regression

The Straight Line Approach

How It Works: Visual Intuition:
® Draw a straight line (or plane) 1
® Measure distance to line 2 %8
- = 06l
® Convert to probability 3 0a
o 0.4
® Simple, fast, interpretable & g2l
0
The Math (Simplified): -5 0
Feature Combination
P _ 1
(success) = 1+ e (wixitwoxpt...1b) Performance:
® Accuracy:

“Squashes any number between 0 and 1"

Real Example: ® Training: 0.1 seconds

1 ® Prediction: 0.001 seconds

T 11 e (05 noweltyt0. 3 market —2) ® Interpretability: High

Use when: You need fast, interpretable results and relationships are roughly linear

Linear simplicity enables interpretability - coefficient-based models provide transparent feature importance attribution

Classification & Definition
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Algorithm 2: Decision Trees

The 20 Questions Game

How It Works: The Process:

Novelty g 70%? 1. Find best question to ask
ovelty ; 07

. Split data based on answer

2
3. Repeat for each branch
4

. Stop when pure (or max depth
(Team i 5)”?) (Funded before?) P pure ( pth)

Why “Best” Question?

® Maximum information gain

[Fail BS%IMarket i $1(5uccess 92%(Maybe 61%)

® Biggest reduction in uncertainty

® Most separation between classes

Maybe 55%| Success 78% Performance:

® Accuracy: 78%
Each question splits the data into purer groups L
® Training: 0.5 seconds
® Prediction: 0.001 seconds

® Interpretability: Very High

Use when: You need to explain decisions to non-technical stakeholders
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Algorithm 3: Random Forest

Ask 100 Experts, Take a Vote

The Wisdom of Crowds: Visual Concept:
Build 100 different trees

Each sees different data subset
Each uses different features

® All vote on final decision

® Democracy beats dictatorship

Performance:
Why It Works: ® Accuracy: 89%
® Single tree: Might overfit ° Training'

® 100 trees: Cancel out errors Predicti
° .

® Different perspectives rediction:

® Robust predictions ® Interpretability: Low

Voting Example:
©® 73 trees say: Success Trade-off: Lost interpretability,
® 27 trees say: Fail gained 11% accuracy

® Result: 73% confidence Success

Ensemble averaging reduces variance - aggregating diverse models improves robustness over single estimator predictions
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Algorithm 4: Support Vector Machines (SVM)

Maximum Margin Philosophy
The Core ldea:

® Find the line with maximum margin
® Stay as far from both classes as possible
® |ike drawing a road between cities

® Maximize distance to nearest houses

The Kernel Trick:
® Can't separate with straight line?
® Transform to higher dimension
® Now linearly separable!

® Project back down

2D — 3D Example:
® 2D: Circles inside circles (impossible)
® 3D: Lift inner circle up
® Now: Plane can separate
® Magic: Works in 1000D too

Visual Intuition:

Feature 2
- ® [ J
T~ @
M
@ -
[ ] S~
Performance:

® Accuracy: 85%
® Training: 5 seconds
® Prediction:

® [Interpretability: Very Low

Feature 1

[ Use when: You have complex, non-linear patterns and don’t need to explain why

Classification & Definition
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Algorithm 5: Neural Networks

Stacking Patterns to Find Patterns

Inspired by the Brain:

Neurons = Simple units
Layers = Pattern detectors
Stack layers = Complex patterns

Learn by adjusting connections

Layer by Layer:

1.
2.

3.

4.

The Power: Can learn ANY pattern given enough data

Input: 27 features

Hidden 1: Find simple patterns
(e.g., “high novelty + low budget”)
Hidden 2: Combine patterns

(e.g., “risky but innovative")

Output: Final decision
(73% success probability)

and layers

Network Architecture:

(©)
o
(@)
o
(@)
(@)

Input Hidden 1 Hidden 2

Performance:
® Accuracy: 92%
® Training: 10 seconds
® Prediction:

® |nterpretability: None

Output

[

Use when: Accuracy is everything and you have lots of data

Classification & Definition
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Choosing Your Weapon

No Free Lunch - Every Algorithm Has Trade-offs

Performance Summary:

Algorithm Trade-offs: Complexity vs Performance

® I m Algorithm Acc Speed Explain
. 9 Logistic 76% + 4+ S+
" Tree 78% 4 4
Rarpm 8 Forest 89% +
SVM 85% -
7 Neural 92% t -
e
S 85 . . E
> z -
g H Decision Framework:
3 s 8
<w s ® Need to explain? — Tree
. ® Need speed? — Logistic
[Sor '8 . ® Need accuracy? — Neural
N  Training Time ® Good all-around? — Forest
; :AZ:E:S&SS; I2 ® Complex patterns? — SVM
) Slow (>55)
[ 2 3 6 7 B !

4 5
Model Complexity

Pro tip: Always try Random Forest first - it’s rarely wrong

Empirical validation trumps theoretical preference - actual performance on validation data determines deployment choice

Classification & Definition
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Real-World Performance

What to Expect in Production

On Innovation Dataset:
® 9,500 proposals
® 27 features
® 70/15/15 split

® 5-fold cross-validation

Actual Results:

Metric Train  Test
Logistic  78%  76%
Tree 95%  78%
Forest 91% 89%
SVM 88% 85%
Neural 94%  92%

Note: Tree overfits badly!

Processing Speed:

Algorithm  Train  Predict
Logistic 0.1s 0.001s
Tree 0.5s 0.001s
Forest 2s 0.01s
SVM 5s 0.005s
Neural 10s 0.01s

At Scale (1M items):

® Logistic: 1 second total

® Forest: 10 seconds total

® Neural: 10 seconds total

® All handle millions easily

Reality check: 89% accuracy means 11 wrong out of 100 - still need human oversight

Classification & Definition
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Beyond Accuracy: What Really Matters

Accuracy Isn’t Everything

The Accuracy Trap:
Imagine: 95% innovations fail Wodel Performance: Precision-Recal vs ROC Analysis

ROC Curves.

® Algorithm: “Always predict fail” N
® Accuracy: 95%

® Usefulness: Zero

® Never finds successes!

Better Metrics:

® Precision: When | say success, am | right?
® Recall: Do | find all successes? For Innovation:
® F1: Balance of both ® High Precision: Don’t waste money

. ® High Recall: Don't miss unicorns
[ ] — .
ROC-AUC: Overall quality o Can't have both perfectly

® Choose based on your goal

Key insight: Choose metrics that align with business goals, not just accuracy
Metric selection reflects business priorities - precision minimizes false positives, recall minimizes false negatives based on error cost asymmetry

Classification & Definition
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Advanced: Ensemble Methods

Combining Algorithms for Super Performance

The Ensemble Idea: Performance Boost:
® Use multiple algorithms 100 —
® Each has different strengths
® Combine their predictions 0 =
® Better than any single one 90| 89
$
Combination Methods: % 85
1. Voting: Each gets one vote 3
2. Weighted: Better ones count more < 80|
3. Stacking: ML to combine MLs 6 =
4. Blending: Optimize the mix
Example Ensemble: 70 H : : : : :
® 40% Random Forest Log Tree RF SVM NN Ens
® 30% Neural Network Algorithm

® 20% SVM

® 10% Logistic (for speed) Result: 94% accuracy
2% better than best single algorithm

Thc s
Classification & Definition
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Real-Time Recommendation Systems

Classification Powers Personalization

Netflix’s Challenge:
® 200M users
® 15,000 titles
® Which 10 to show?
® 90 seconds to capture interest

® Wrong picks = lost subscriber

Classification in Action:

1. Binary: Will watch? Yes/No
Multi-class: Genre preference
Probability: Engagement score
Rank: Top 10 by probability

Display: Personalized row

AN S

Update Cycle:
® Real-time: After each viewing
® Batch: Nightly full retraining

® A/B test: Continuous improvement

The Pipeline:

Extract Features
Classify 50ms total
Rank Results

® 80% of views from recommendations

Impact:

® $1B saved in customer acquisition

® 75% reduction in churn

Classification & Definition
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Automated A/B Test Evaluation

Let Classification Judge Your Experiments

Traditional A/B Testing:

Run experiment for 2 weeks
Collect metrics

Statistical significance test
Human interprets results
Decision after meeting

3-week cycle time

ML-Powered Testing:

Classification monitors in real-time
Predicts winner early (3 days)
Auto-stops losing variants
Allocates traffic to winners

Learns from pattern history

3-day cycle time

Multi-Armed Bandit:

co% [
0% [
10% [l

Adaptive allocation

Classification Decides:
® |s difference real or random?
® Will trend continue?
® Should we stop early?

® How to split traffic?

Result: 10x faster iteration, 3x more experiments, continuous improvement

d i : hi

1 i i diracte traffic allacation haced on nredictad antramac

Classification & Definition
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Risk Assessment Dashboards

Making ML Predictions Actionable

Risk Score
3 8 2 8

Risk Assessment Dashboard - Powered by ML Classification

Overall Risk Level Key Risk Drivers
Timing 5%

Competiion

Tach Risk. 0%

5%

Toa Risk %
o 20 W0 &0 £

Risk s:%‘q\ Market Risk
Risk Score

30-Day Risk Trend Model Confidence

Above baseline
Below baseline

M\/ /

5 10 15 2 £
Days  AlGenerated Recommendations

1. Reduce market risk .
Expand targot markt analyss
2. Strengthen team o
‘Add seniortchical ausor
3. Accelerate timeline —
Move launch dato up 2 months
4. Monitor competition _—

Weokiy compatior analysis

Dashboard Components:
1. Risk Score (0-100)
® ML probability converted
® Color coded (green/yellow/red)

® Historical trend line

2. Key Factors
® Top 5 risk drivers
® Feature importance

® What-if simulator

3. Recommendations
® Auto-generated actions
® Priority ranked
® Expected impact

4. Confidence Level
® Model certainty
® Similar cases reference

® Override option

Classification & Definition
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Personalization at Scale

Every User Gets Their Own Experience

Amazon’s Approach: The Magic:

® 300M customers

l Price-conscious

® Each sees different homepage

® 35% of revenue from recommendations

® Real-time classification Personalized Page

Classification Layers:
1. User Type: New/Regular/Prime

2. Intent: Browse/Buy/Research

Weekend
3. Category: Electronics/Books/etc
4. Price Sensitivity: Low/Med/High Results:
5. Time: Rush/Leisure . i

® 29% increase in sales
Combines Into: ® 37% higher engagement
® Product recommendations e 23% better retention
(]

® Price points shown
® Deals highlighted

® |ayout selected

® 31% larger cart size

® Shipping options
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Case Study: Airbnb’'s Smart Pricing

Classification Optimizes Billions in Revenue

The Problem: Impact Metrics:
® 7M+ listi ldwid
+ listings worldwi .e ) Metric Before  After
® Hosts don’t know optimal price -
. booki Booking rate 42% 58%
0o nigh = no bookings Avg price $89 $97
® Too low = lost revenue Revenue/list $4,200 $5,900
® Market changes daily Host adoption - 41%
Classification Solution: The Algorithm:

1. Classify listing type (luxury/budget/unique)

2. Classify demand level (high/med/low) Rand Forest (500 trees)
andom Fores: rees

3. Classify booking probability at each price 67 features

4. Classify competitor positioning Retrained daily

. . 89% pricing accuracy
5. Recommend optimal price
Features Used: Design Touch:

® Location, amenities, photos ® Simple on/off toggle

® Season, events, day of week ® Shows confidence level

® Historical bookings ® Explains factors

Similar i )
Dynamu: cIaSS|f|cat|on drives pricing optimization - predicting booking probability en’abéuonyé?nﬁmérﬁ%&imization through rate adjustment
Classification & Definition
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Your Implementation Roadmap

From Prototype to Production

Phase 1: Prototype (Week 1)
® Define success metrics
® Gather historical data
® Clean and prepare features
® Try 3-5 algorithms
® Validate on test set

® Pick best performer

Phase 2: Pilot (Week 2-4)
® Build simple API
® Create basic dashboard
® Run with 1% traffic
® Monitor performance
® Gather user feedback

® |terate on model

Phase 3: Scale (Week 5-8)
® Optimize for speed
® Add monitoring
® Build fallback system
® Gradual rollout (1—10—50—100%)

PRNT S——

Common Pitfalls:

Starting too complex
Ignoring data quality
No baseline comparison
Overfitting to test set

No monitoring in production

Assuming model won't degrade

Success Factors:

® Start simple (logistic regression)

Focus on data quality
Always have human fallback
Monitor everything

Retrain regularly

Keep improving

Classification & Definition
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When to Use Which Classification Algorithm: Judgment Criteria

When to Use Which Classification Algorithm: Decision Framework

What is your priority?

INTERPRETABLE MAXIMUM ACCURACY

Campletpatis
Product

Additional Considerations

lass Balance: Severe inbalance (>95:5) = Use SHOTE/class weights or ensemble methods
Festure Count: <20 features « Lopistic suficient; 20-100 - Randon Forects =100 - Nleural nets

Multi-class: 2 classes -~ ALL methods; >10 classes - Neural nets or hierarchical classification

[Principle: (logistic), ity (i ly when y

WER




Practice Exercises: Build Your Own Classifier

Three Skill Levels,

Exercise 1: Basic
Success Predictor
Time: 30 minutes
Difficulty: Beginner
Task:
® Load innovation dataset
® Use scikit-learn
® Train logistic regression
® Evaluate accuracy

® Make 10 predictions

Learning Goal:

First working classifier
Deliverable:

Jupyter notebook with
76% accuracy model

Same Dataset

Exercise 2: Intermediate
Algorithm Comparison

Time: 60 minutes
Difficulty: Medium

Task:
® Compare 5 algorithms
® Cross-validation
® Feature importance
® ROC curves

® Ensemble creation

Learning Goal:
Choose best algorithm
Deliverable:
Comparison report
89%-+ accuracy

Exercise 3: Advanced
Production System
Time: 2 hours
Difficulty: Challenging
Task:

® Build REST API

® Real-time predictions

® Confidence scores

® A/B test framework

® Monitoring dashboard
Learning Goal:
Production-ready system

Deliverable:
Working APl with
i50ms response time

Resources:

Dataset and starter code at github.com/ml-design-course/week4-classification

Differentiated learning paths serve diverse backgrounds - identical data across complexity levels enables progression while maintaining relevance

Classification & Definition
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Key Takeaways: What You've Learned

From Intuition to Intelligence

Conceptual Understanding: Design Applications:
® (lassification = drawing boundaries ® Recommendation systems
® Different algorithms = different lines ® Risk assessment
® Training = learning from examples ® Personalization engines
® Validation = avoiding memorization ® A/B test automation
® Probability ; binary decisions ® Decision support tools
Practical Skills: Remember:

® Build classifiers with scikit-learn

Start Simple: Logistic regression

° Compare algorithm performance Default Choice: Random Forest

® Tune hyperparameters Maximum Accuracy: Neural nets
Need to Explain: Decision trees
® [nterpret predictions Production: Monitor everything

® Deploy to production

Next Week: Topic Modeling - Finding Hidden Themes

Classification formalizes judgment - systematic pattern recognition scales human decision-making beyond individual cognitive limits

Classification & Definition
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Classification Mastered

You Can Now:

Build systems that make expert-level decisions
Choose the right algorithm for your problem
Turn subjective judgments into objective metrics

Scale decision-making to millions of cases

Next Week: Topic Modeling & Discovery



Week 0d: Neural Networks

The Depth Challenge

Machine Learning for Smarter Innovation
BSc Course - Theory Foundation

October 7, 2025
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Course Outline

@ Part 1: The Challenge
© Part 2: Shallow MLPs
© Part 3: Modern Architectures

@ Part 4: Synthesis
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1. Image Recognition Needs Hierarchical Features

Raw pixels are meaningless noise
Vision builds up complexity:
o Edges from pixel gradients

o Shapes from edge combinations
o Objects from shape patterns

o Example: Cat detection
o Pixels — edges — whiskers — face — cat

Raw Piels Edges Shapes Objects
(Meaningiess) (Local Features) (i-leve)) (Highievel)

CAR

@ Traditional ML: Manual feature engineering
@ Deep learning: Automatic feature hierarchy

o Problem: Manual features require domain expertise
and fail to generalize

Hierarchical feature learning mirrors biological vision - complexity emerges through layered abstraction

Machine Learning for Smarter Innovation (BSc Course - Theory Fou Week 0d: Neural Networks October 7, 2025



2. Single Perceptron: Linear Only

The Perceptron (Rosenblatt 1957)

y =sign(wixi + waxo + b) (1)
=sign(w ' x+ b) (2)

Linear Separable Non-linear Pattern
(Perceptron Works) (Perceptron Fails)

Learning Rule:

s wooe i °
2 0 i
Whew = Woid + 1(Ytrue — }/pred)X i . i
L [ S S I O —
Geometric Interpretation: ,1 o4 i
. .. -2 0.2 1
@ Creates a linear decision boundary i
-3 00 o | [ ]
@ Hyperplane in n-dimensional space e s S 7) S S
o Cannot separate non-linear patterns
o Perceptron Convergence Theorem: Guaranteed to
converge if data is linearly separable
Single layer = single hyperplane = linear separation only - Rosenblatt’s 1957 perceptron could only solve linearly separable problems

for Smarter Innovation (BSc Course - Theory Fou Week 0d: Neural Networks October 7,



3. XOR Problem: Concrete Example

XOR Truth Table:

X1 X2 ‘ XOR

== OO
= O M= O
[«

The Problem:
@ No single line separates the classes
@ XOR is the simplest non-linear problem (2 inputs, 4
points)
@ Requires non-linear decision boundary

o Minsky & Papert (1969): Mathematical proof that
perceptrons cannot solve XOR

XOR Problem: No Linear Separation Possible
1.2  |red from blue points rat
-
0,1)—1 (1) -0
1.0

08 -

0.6 7

04
0.2 L7
(070)—0 (1,0)—1
0.0
el - == Horizontal
-02 //’ Vertical
- // ~—~ Diagonal
-0.2 0.0 0.2 0.4 06 0.8 1.0 12
X

XOR became the symbol of perceptron limitations - Minsky & Papert’s 1969 proof triggered the first Al winter

Machine Learning for Smarter Innovation (BSc Course - Theory Fou
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4. Universal Approximation Theorem

. . . Uni | Al tion: More N — Better Fit
Theoretical Foundation (Cybenko 1989, Hornik 1991): — niversal Approximation: More Reurons = Beter Fi
@ Any continuous function can be approximated B B
—— 20 neurons
o Single hidden layer with enough neurons 50 eurons

@ Activation: sigmoid, tanh, ReLU
o Arbitrarily small error possible

Mathematical Statement: For any € > 0 and continuous f on
compact set K (bounded and closed), there exists network N such
that:

Output f(x)

sup |f(x) — N(x)| < e o
xekK
Theory-Practice Gap:

@ May need exponentially many neurons for single layer
y p y y g y =20 -15 -1.0 -05 0.0 05 1.0 15 20

Input x

Theory says possible but doesn't tell us how many neurons - this gap motivates depth over width

Machine Learning for Smarter Innovation (BSc Course - Theory Fou Week 0d: Neural Networks



5. Quantify: How Many Neurons/Layers Needed?

Practical Reality: Curse of Width vs Blessing of Depth
. .. «@- Single Layer (Width)
@ Theory: Single layer sufficient ~&~ Muliple Layers (Depih x 10)
@ Practice: Exponentially many neurons o Exponential explosion!

o Example 1: Parity function on n bits

o 1 layer: 2"~! neurons needed
o 2 layers: O(n) neurons sufficient

o Example 2: Checkerboard pattern

o 1 layer: O(2V") neurons
e 2 layers: O(n) neurons

Number of Parameters Needed

o Curse of width vs. blessing of depth

General principle: Depth allows exponentially more
efficient representation

25 50 75 125 15.0 175 20.0

10.0
Problem Size (n bits)

Depth provides exponential expressivity advantage - this is why 'deep’ learning succeeded where shallow networks failed

for Smarter Innovation (BSc Course - Theory Fou Week 0d: Neural Networks October 7,



6. Add Hidden Layer Approach

Multi-Layer Perceptron (MLP):

(3) Multi-Layer Perceptron Architecture

h = O'(W1X + b1)

a() a()
y =o(wj h+ by) 4)

Key Innovation:
o Hidden layer creates feature combinations

o Hidden layer creates new representation where linear
separation becomes possible

OGN,
OOOO0E
00O
O

o Non-linear activation o (sigmoid, tanh, ReLU)

@ Each neuron = learned feature detector

@ Output combines these features oot [H\dden Layer] [H\dden Layer]
o

(4 neurons) (3 neurons)

e Training: Backpropagation (Rumelhart et al., 1986)
computes gradients via chain rule

Hidden layer transforms input space to make linear separation possible - learned features replace manual engineering

Machine Learning for Smarter Innovation (BSc Course - Theory Fou Week 0d: Neural Networks October 7, 2025



7. Worked Example: XOR Solved!

. Hiddon Newron 1.3 OR x . Hidn Newron 2.5 A0D x
O ) ° wooe °
R ) ° w e °
02, 00 02 04 06 08 10 12 0%, 00 02 04 06 08 10 12
Network Architecture: Feature Space: Now Linearly Separable! Network Solution
" s r——,
@ Input: x1,x2 . °
o Hidden: 2 neurons with sigmoid o &

o Output: 1 neuron with sigmoid

bl (AND)

Solution Strategy:

@ hi: Detects x; OR xo Y °
o hy: Detects x; AND x» i e s e —
e Output: h; AND NOT hy
Actual Weights:
hy = ¢(20x; + 20x; — 10) (5)
hy = o(20x;'+ 20x3 — 30) (6)
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8. : Nonlinearity Achieved

What We Gained:
@ Non-linear decision boundaries .
@ Universal approximation p
o Automatic feature learning :
o Backpropagation training
Applications Unlocked:
@ Image classification (MNIST)
@ Function approximation )

o Pattern recognition

Control systems

MLPs solved the non-linearity problem and enabled the neural network renaissance

Machine Learning for Smarter Innovation (BSc Course - Theory Fou Week 0d: Neural Networks October 7,



9. : Vanishing Gradients in Deep Networks

The Problem with Depth:

Layers  Final Accuracy  Training Time . etk os_: pepe— e graTine fsees ooty
1 87.2% 10 min - )
2 91.5% 15 min £
3 89.3% 25 min
4 82.1% 40 min £
5 71.8% 60 min .
6 58.3% 90 min w©

5 5 1 2 5 6

3 0 3 4
Number of Layers Number of Layers

Observation: Deeper networks perform worse, not better!

Real data from 1990s experiments - deeper meant worse performance

Machine Learning for Smarter Innovation (BSc Course - Theory Fou Week 0d: Neural Networks October 7, 2025



Machine Learning for Smarter Innovation (BSc Course - Theory Fou

10. Diagnosis: Gradient Multiplication -; Exponential Decay

Chain Rule in Deep Networks:

oL oL dy dhy O
oW, 8y Oh, T Oh oWy

Sigmoid Derivative:

o' (x) = o(x)(1 — o(x)) (9)
<0.25 (10)

The Problem: Each layer multiplies by < 0.25
e 5 layers: (0.25)% = 0.001
o 10 layers: (0.25)1° = 0.000001
Comparison:
e Tanh: tanh’(x) = 1 — tanh?(x) < 1, still problematic

@ Solution preview: RelLU has constant gradient of 1
for positive inputs

Gradients vanish exponentially - early layers learn nothing

Week 0d: Neural Networks

Gradient Decay: Why Deep Networks Failed

~@- Sigmoid (s 0.25 per layer)
107 =@= ReLU (= 0.5 per layer)
~@- Well-behaved (= 0.9 per layer)

Gradient Magnitude

G

Vanishing threshold

6
Layer Depth

October 7, 2025



11. Gradient Flow Analysis

Mathematical Analysis:
For L-layer network with sigmoid activations:

| <

oL
oWy

C-(0.25)t71
Consequences:

o Early layers: Tiny gradients

o Late layers: Large gradients

o Gradient mismatch problem

o Training becomes impossible
Historical Impact:

o 1990s:

@ SVMs and ensemble methods dominated

Gradient Magnitude

“Neural networks don't scale”

@ Deep learning winter until 2006
Solutions (Part 3 Preview):

@ RelU activation (constant gradient)
@ Batch normalization (stabilize distributions)

@ Skip connections (ResNet shortcut paths)

Better initialization (Xavier, He

Machine Learning for Smarter Innovation (BSc Course - Theory Fou

Week 0d: Neural Networks

Gradient Flow: Early Layers Get Tiny Updates

10'
o Vanished gradients
10°
) l

Input Lt [ 5 Le
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Strong gradients

Output
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12. Human Introspection: Vision is Hierarchical

Human Visual Processing Hierarchy

How Humans See (Hubel & Wiesel 1959):
o Level 1: Edge detection (V1 cortex)

e Horizontal, vertical, diagonal lines @ @ @ @ @

o Local contrast detection

o Level 2: Texture & shape (V2, V4)
o Curves, corners, textures
o Spatial relationships

o Level 3: Objects (IT cortex)
o Faces, cars, animals
e Invariant recognition

@ Inspiration: Fukushima's Neocognitron (1980) -
precursor to mOdern CNNS Face’ Car House Animal Hand

Hubel & Wiesel (1959 Nobel Prize): Discovered hierarchical processing in cat visual cortex - inspired modern neural network architectures

Machine Learning for Smarter Innovation (BSc Course - Theory Fou Week 0d: Neural Networks



13. Hypothesis: Specialized Architectures Matching Data Structure

Soquences — RNNs
(Temporal Order)

Images — CNNs
(Spatial Locality)

The Key Insight:
@ Problem: Generic MLPs ignore data structure
@ Solution: Architecture matches inductive bias
@ No Free Lunch Theorem: No single architecture
optimal for all problems

@ Architecture choice encodes prior knowledge about -
problem structure Graphs - GiNs Language — Transformers
(Node Relationships) (Long-range Dependencies)

E— D — @ — @ — @

Examples:
o Images: Spatial locality -; CNNs
o Sequences: Temporal order -; RNNs
o Graphs: Node relationships -; GNNs
o Language: Long-range dependencies -; Transformers

Right architecture = built-in prior knowledge about the problem domain

October 7, 2025
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14. Zero-Jargon: Convolution as “Sliding Pattern Detector”

Input Image (6x6) Vertical Edge Filter (3x3

)
] . B

Convolution Intuition: l:‘

o Take a small “template” (3x3 filter) , ‘

@ Slide it across the entire image

@ At each position: compute similarity

@ Result: “Where is this pattern?” ® g
Example Filters:

Output Feature Map
1 0 1 Sliding Filter Across Image (Edge Response)

o Edge detector: |[—1 0 1
-1 0 1
1 1 1
°Blur: § |1 1 1
1 1 1

Convolution = template matching with learnable templates

Machine Learning for Smarter Innovation (BSc Course - Theory Fou Week 0d: Neural Networks October 7, 2025



15. Geometric Intuition: Filters Detect Edges/Textures

What Filters Learn:
Layer 1: Low-level features

o Edges, corners, blobs

@ Oriented lines at different angles R R
@ Color gradients

Layer 2: Mid-level features =
@ Textures, patterns
o Simple shapes B m -
@ Motifs and repeating elements

Layer 3+: High-level features
o Object parts (eyes, wheels)

o Complex patterns

Each layer builds more complex features from simpler ones

Machine Learning for Smarter Innovation (BSc Course - Theory Fou Week 0d: Neural Networks October 7, 2025



16. CNN Architecture Details

Key Components:
1. Convolutional Layers CNN Architecture: Feature Extraction — Classification

@ Multiple filters per layer

@ Shared weights across spatial locations

o Parameter sharing reduces overfitting
2. Pooling Layers =N — — —» AO 4O N
o Downsampling (max, average)

@ Translation invariance

o Computational efficiency
3. Fully Connected

Input Conv Pool Cony Pool Fc 3 Output
3243203 2842846 14x1dx6 10x10x16 Sx5x16 120 8 0

e Final classification

@ Combines all learned features

CNN = Feature extraction (conv+pool) + Classification (FC)

Machine Learning for Smarter Innovation (BSc Course - Theory Fou Week 0d: Neural Networks October 7, 2025



17. Full Walkthrough: Convolve Filter with Actual Numbers

Input (3x3) Filter (3x3)

Example Calculation: °

1 2 1
Input (3x3): |0 1 2
1 0 1 o o
-1 0 1
Filter (3x3): [—2 0 2

} 0 o
Convolution (element-wise multiply + sum): .

-1 0 1

= (-1)(1) + (0)(2) + (1)(1)+ (11)

(=2)(0) + (0)(1) + (9(2)+ (12)

(=1)(1) + (0)(0) + (1)(1) (13)
= 140+1-0+0+4—-1+0+1  (14)
=4 (15)

High response (4) means vertical edge detected at this location

Machine Learning for Smarter Innovation (BSc Course - Theory Fou Week 0d: Neural Networks October 7, 2025



18. RNN and Transformer Architectures

RNN: Sequential Processing

Recurrent Neural Networks:

he = tanh(Winhe—1 + Wignxe + bp) (16) > © > © > © -
i = Wayhe+ by o T T 1 1
o Hidden state carries memory
e Sequential processing (O(n) path length) .Tri\slormer:Par-llelAﬂemlon
o Good for; Time series, NLP " o
@ Problem: Vanishing gradients over time o
“ . ” || .
Transformers (“Attention Is All You Need” 2017): BN Em
Attention Mechanism: - N
_ QKT ||
Attention(Q, K, V) = softmax | —— | V o e
Vidk

Key Advantages:

o Query: What I'm looking for o Self-attention: O(1) path length

o Key: What | have to offer
o Value: What I'll return if matched

o Parallel processing (no sequential bottleneck)
o Long-range dependencies without vanishing gradients

o State-of-the-art for language (GPT, BERT)
Transformers enable O(1) path length vs O(n) for RNNs - revolutionized NLP and beyond

Machine Learning for Smarter Innovation (BSc Course - Theory Fou Week 0d: Neural Networks October 7, 2025



9. Visualization: Feature Maps, Attention Heat

M CNN Feature Map Multiple Feature M:
CNN Feature Maps: A et

@ Each filter produces a feature map

o Bright areas = high activation . .
o Shows what the network “sees”
Layer 1: Edges and textures
@ Layer N: Complex patterns l:
Transformer Attention: -

Aﬂemlun Heatmap Inductive Bias Reduces Search Space

@ Attention weights as heatmaps
@ Shows which words influence others B
o Different heads learn different patterns .-

@ Interpretable relationships B

Search Space Size

o Technique: Grad-CAM visualizes which regions .
influenced decision . ,

o Attention weights reveal learned linguistic structure o —
(syntax trees emerge naturally) A g &

Visualization reveals the internal representations learned by neural networks

Machine Learning for Smarter Innovation (BSc Course - Theory Fou Week 0d: Neural Networks October 7, 2025



20. Why It Works: Inductive Biases Reduce Search Space

The Core Principle:
Without Structure:

o Search space: All possible functions e

Architecture Reduces Search Space Exponentially
1e+12

o Size: Exponential in parameters

@ Sample complexity: Intractable
With Architecture:

@ Built-in assumptions about data

@ Drastically reduced search space

Effective Search Space Size
3

o Faster learning, better generalization
Examples: 0

@ CNNs assume translation invariance 10406

Fully With
Connected Architecture

@ RNNs assume sequential dependence

o Transformers assume attention patterns

Architecture = built-in prior knowledge that guides learning

Theory Fou Week 0d: Neural Networks October 7,



21. Experimental Validation: ImageNet Accuracy Over Time

Teadifional ImageNet Challenge: Progress Over Time
26.2%
~= Human Performance

ImageNet Challenge Results:

Year Model Top-5 Error »

2010 Traditional CV 28.2% o

2012 AlexNet (CNN) 15.3% §

2013 ZFNet 14.8% € CEM

2014 VGGNet 7.3% a

2014 GoogleNet 6.7% g

2015 ResNet 3.6% " VOSNel o

2017 DenseNet 2.2% U

- Human Performance 5.1% Do

2010 2011 2012 2013 2014 2015 2016 2017
Year

CNNs achieved superhuman performance in just 5 years

October 7, 2025
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22. Solutions to Vanishing Gradients

1. ReLU Activation: Gradient Flow Comparison:
Sigmoid Network (10 layers):
ReLU(x) = max(0, x) (18) o Layer 10 gradient: 1.0
d 1 o Layer 5 gradient: 0.001
9 ReLuxy =L x>0 (19) ver gract
dx 0 x<0 o Layer 1 gradient: 0.000001

ReLU Network (10 layers):

Comparison: ]
o Layer 10 gradient: 1.0

@ Sigmoid: o’(x) < 0.25 (vanishes)

. o Layer 5 gradient: 1.0
@ RelU: gradient = 1 (constant for x > 0)

.. @ Layer 1 gradient: 1.0
o Enables training 100+ layer networks

2. Other Solutions: Result:
o Batch Normalization (2015): Stabilize distributions @ ReLU: All layers learn at similar rates
@ Skip connections (ResNet 2015): Shortcut paths @ Deep networks become trainable
o Xavier/He initialization: Preserve variance @ 2012 breakthrough: AlexNet (8 layers with ReLU)

RelLU’s constant gradient solved the vanishing gradient problem - enabling the deep learning revolution

Machine Learning for Smarter Innovation (BSc Course - Theory Fou Week 0d: Neural Networks October 7, 2025



23. Deep Learning Evolution Timeline

Key Milestones:
2012 - AlexNet:
@ CNNs + ImageNet breakthrough
@ 8-layer network, ReLU activation
o GPU acceleration
2014 - Sequence-to-Sequence:
@ RNNs for machine translation
Deep Learning Evolution Timeline

@ Encoder-decoder architecture
2015 - ResNet:

@ 152 layers with skip connections /ﬁ‘f 7 P q@&f & @ 4
o First to surpass human performance on ImageNet @ﬁ?’/ 6‘;{5"’ ,}?ﬁgﬁ ﬂgﬁ \@jyf @ﬁ:f
@ Solved vanishing gradient problem
2017 - Transformers: N . N g
o “Attention Is All You Need” fxf’:,’“@ @«"’f ﬁjf f;@f“f
o Self-attention mechanism & 4 2 ﬁfﬁ f'f
o Foundation for GPT, BERT 4 < :
2020 - GPT-3:

Year

@ 175 billion parameters

Machine Learning for Smarter Innovation (BSc Course - Theory Fou Week 0d: Neural Networks October 7, 2025



24. Architecture Design Principles

Universal Design Principles:
1. Locality: Architecture Design Principles
o Nearby elements are related
o CNNs: Spatial locality
@ RNNs: Temporal locality
2. Hierarchy:

o Build complexity gradually

o Low-level -; High-level features
@ Mirrors human cognition
. Nearby elements Build complexity
3_ Invar'ance: are related gradually
@ Robust to irrelevant changes
@ Translation, rotation, scale
@ Attention: Permutation invariance

4. Efficiency:

o Parameter sharing

o Computational optimization Robust t Parameter sharing
irrelevant changes & optimization

o Memory constraints
Good architectures encode the right inductive biases for the domain

Machine Learning for Smarter Innovation (BSc Course - Theory Fou Week 0d: Neural Networks



When to Use Each Architecture

Use Transformers when:

o Long-range dependencies critical
Decision Criteria:
Use CNNs when:

@ Data has spatial structure (images, video)

o Parallel processing available

o Sufficient compute budget

o Examples: NLP, multimodal Al
Use Generic MLPs when:

e Tabular data (no structure)

@ Translation invariance needed

o Local patterns matter

o Examples: Vision, medical imaging
Use RNNs when:

@ Sequential dependencies

e Small datasets (<10k examples)
o Interpretability required

. o Examples: Finance, healthcare
o Variable-length sequences
. . Key Rule:
@ Real-time processing needed Y
. . @ Match architecture to data structure
o Examples: Speech, time series
o Start simple, add complexity if needed

@ More parameters # better performance

Architecture choice depends on data structure, computational budget, and domain requirements

Machine Learning for Smarter Innovation (BSc Course - Theory Fou Week 0d: Neural Networks October 7, 2025



25. Modern Applications: Computer Vision, NLP, Multimodal

Computer Vision:

Computr Vision Applcations NLP Appicatons
@ Object detection (YOLO, R-CNN)
e Image segmentation
o Medical imaging diagnosis
@ Autonomous driving
Natural Language Processing:
@ Machine translation approaching human quality negeSegreniaien Modeal mags T Genesin o
o Text generation (GPT family)
Wattimodsi Al Next: Gonerative A
o Question answering
o Code generation (GitHub Copilot)
Multimodal Al: e
@ Image captioning -
o Visual question answering
o Video understanding

@ Robotics integration

Neural networks now match or exceed human performance in many domains
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25.5 Common Pitfalls in Neural Network Design

Pitfall 1: Wrong Architecture Pitfall 4: Ignoring Overfitting

@ Using MLP for images (ignores structure) o Training accuracy 99%, test 60%

@ Solution: Match architecture to data @ Solution: Dropout, regularization, augmentation
Pitfall 2: Too Deep Too Soon Pitfall 5: Wrong Learning Rate

@ 100 layers without skip connections o Too high: Divergence, too low: No learning

o Solution: Start shallow, add depth incrementally @ Solution: LR schedules, adaptive optimizers
Pitfall 3: Poor Initialization Pitfall 6: Insufficient Data

o All weights = 0 (symmetry breaking fails) @ Deep networks need 1000s of examples

@ Solution: Xavier/He initialization @ Solution: Transfer learning, data augmentation

Most neural network failures stem from architecture mismatch, poor initialization, or insufficient data
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26. Summary & Preview: Generative Al

What We Learned:

@ Perceptrons: Linear limitations

@ MLPs: Non-linear but shallow

@ Deep networks: Vanishing gradients

o Modern architectures: Structured solutions
Key Insights:

@ Architecture matters more than size

o Three breakthroughs: RelLU activation, specialized
architectures, skip connections

@ Depth provides exponential expressivity advantage
Next: Generative Al

o From classification (is this a cat?) to generation
(draw me a cat)

o VAEs, GANs, Diffusion models
o Large language models
@ Applications in innovation

Neural networks: From solving XOR to generating Shakespeare

Machine Learning for Smarter Innovation (BSc Course - Theory Fou Week 0d: Neural Networks October 7, 2025
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@ Act 1: The Challenge
© Act 2: Variational Autoencoders
© Act 3: Adversarial & Diffusion

© Act 4: Synthesis

Machine Learning for Smarter Innovation (BSc-Level Course)



The Creation Challenge

Moving Beyond Classification

Traditional ML: “What is this?” Generative Al: “Create something new”
® Email spam detector: Classify existing emails ® Generate phishing emails for security training
® Medical diagnosis: Analyze X-ray images ® Synthesize medical images for rare diseases
® Sentiment analysis: Judge customer reviews ® Write product descriptions automatically
Limitation: Only analyzes, never creates ® Compose music for video backgrounds

Power: Creation enables innovation

Fundamental shift: from pattern recognition to content generation

Week Oe: Generative Al October 6, 2025 3/32



Mathematical Foundation

Two Approaches to Learning

Discriminative Models
Learn: P(y|x) - Conditional probability
What it does:

® Given x, predict label y
® |earns decision boundaries
® Divides input space

Examples: Logistic, RF, SVM
Can sample new x? NO - only classifies existing data

Generative Models
Learn: P(x) - Joint or marginal distribution
What it does:

® Models entire data distribution
® Samples new x ~ P(x)

® Creates novel instances

Examples: VAEs, GANs, Diffusion
Can sample new x? YES - generates from distribution

Key distinction: Discriminative draws boundaries, Generative learns distributions enabling sampling

Week Oe: Generative Al October 6, 2025
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1D Gaussian: Easy to Learn

Multimodal: More Complex

Density

Density

- o 1

High-D Manifold: Very Complex

2 2

Real Data: Exponentially Complex

Fealure 2

Challenges:
® High-dimensional spaces

® Multimodal distributions

Real data lives on complex manifolds - learning full distribution is exponentially hard

for Smarter Innovation (BSc-Level Cour

Dimension 1

Feature 1

Requirements:

® Capture all patterns

® Maintain realism




Modeling

08 N\,
\
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1 \
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1 \
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%o 02 o8 10

Diversity —

High Quality: Mode collapse, repetitive

Balanced: Realistic variety

High Diversity: Unrealistic

Realistic AND diverse remains the central challenge
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Inception Score FID Score Text Perplexity
(Higher = Better) (Lower = Better) (Lower = Better)

FID Score.

Inception Score

Inception Score (IS) FID Score Perplexity (Text)
® Range: 1-1000 ® Range: 0-500 ® Range: 1-10,000
® Higher = better ® Lower = better ® Lower = better
® Quality & diversity ® Feature distance ® Predictability
Interpretation: Interpretation: Interpretation:
® >300: Excellent ® <10: Photorealistic ® <20: Human-like
® 100-300: Good ® 10-50: Good quality ® 20-100: Coherent
® <100: Poor ® >50: Noticeable artifacts ® >100: Gibberish

Quantitative metrics enable objective quality assessment and model comparison

for Smarter Innovation (BSc-Level Course)



A i Ci ion Through

BOTTLENECK —-

ENCODER DECODER

‘Compression: 784D — 128 125%

Encoder Latent Decoder
® 784D -; 128D ® 128D bottleneck ® 128D -; 784D
® Forces selective encoding ® Key features only ® Lossy reconstruction
® Filters noise ® 6.1x compressed ® Preserves essentials

Bottleneck forces meaningful compression

Machine Learning for Smarter Innovation (BSc-Level Cour




Worked Example: MNIST Compression

From 784 Pixels to 128 Features

Latent Code
128D (showing 16)

) II II II
S0 1
2 I
05
o 5 10 15

Feature

Architecture:
® |nput: 784 pixels
® Encoder: 784 -; 128
® Decoder: 128 -; 784

MSE drops 0.45 -; 0.03 over 100 epochs

Machine Learning for Smarter Innovation (BSc-Level Course)

Reconstructed ‘Compression Ratio
28x28 = 784D Training Progress 25%
w00 T8D 7
0
o
£
Boo g
o1 200 128D
0 .
o m e W m W Orgnal Sz CompressedReconsiucisd
Epocn
Training:
o Loss: [ — o112
oss: L= ||x — X||

® Optimizer: Adam

® Compression: 6.125x

Week Oe: Generative Al October 6, 2025
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Autoencoder Successes

Visualization Placeholder

(Chart 12)
[+] SUCCESSES: Results:
® Dimensionality reduction: 784D -; 128D ® MSE: 0.031
® Feature learning, denoising ® Compression: 6.1x
® Anomaly detection ® Training: 2.3 min

Autoencoders excel at representation and compression

Machine Learning for Smarter Innovation (BSc-Level Course)



Autoencoder Failures

Visualization Placeholder

(Chart 13)
[-] FAILURES: N )
® Blurry outputs " FID 127
® Poor generation Real: 1S=9.7, FID=3.2

® Holes in latent space
Autoencoders reconstruct, NOT generate

Machine Learning for Smarter Innovation (BSc-Level Course)



Averaging Problem

Visualization Placeholder

(Chart 14)
Problem: Math:
® Loss: L= ||x — &||? . )?=argminE[||x—)?||2]
® Multiple inputs -; same code ® Solution: X = E[x]
® Decoder outputs average ® Need probabilistic approach

MSE loss forces averaging

for Smarter Innovation (BSc-Level Cou




Vae Framework

Visualization Placeholder

(Chart 15)
Key Innovation: VAE Loss:
® Encode to distribution: q¢(z[x) = N(x, o?) L = —Ellog p(x|2)] + KL(allp)
Two terms:

® Sample: z=p+o0 Qe
. ® Reconstruction
Reparameterization:

® KL regularization

® [3-VAE balances

® Make z deterministic

® Gradient flows
Reparameterization enables gradient optimization

Machine Learning for Smarter Innovation (BSc-Level Course)



Artist Learning Process

Visualization Placeholder

(Chart 16)
Art Education: Insights:
® Student creates ® Adversarial feedback drives improvement
® Teacher critiques ® Both improve together

® Student improves
Adversarial learning inspired GANs

for Smarter Innovation (BSc-Level Cou




Two Approaches

Visualization Placeholder

(Chart 17)
Adversarial Diffusion
® Two networks compete ® |terative denoising
® Sharp, realistic ® Stable, controllable

Both address VAE limitations

for Smarter Innovation (BSc-Level Cou




Forger Detective Analogy

Visualization Placeholder

(Chart 18)
Forger: Detective:
® Creates fakes ® Examines: real/fake?
® Fools detective ® Gets better at detection

Result: Detective can't tell fake from real!

Competition drives both to excellence

Machin ing for Smarter Innovation (BSc-Level Cours:



Reverse Corruption Analogy

Visualization Placeholder

(Chart 19)
Forward: Reverse:
® Clean -; noise ® Noise -; clean
® 1000 steps ©® 1000 steps

Key: Learn to undo corruption
Like sculptor revealing statue

Machin ing for Smarter Innovation (BSc-Level Cours:



Gan Geometric Dynamics

Visualization Placeholder

(Chart 20)

Generator: Discriminator:
® Maps z to x ® Separates real/fake
® Loss: — log D(G(z2)) ® Loss: — log D(x) — log(1 — D(G))

Equilibrium: Generator = Real, D accuracy = 50%

Machine Learning for Smarter Innovation (BSc-Level Course)



p .
Gan Training Walkthrough

Visualization Placeholder

(Chart 21)
X
Epoch 1: Epoch 100:
® D:1.386, G: 0.693 ® D:0.695, G: 0.698
® Images: noise ® Images: realistic

Healthy: Total ~ 1.4

Both networks balanced at equilibrium

Machine Learning for Smarter Innovation (BSc-Level Cour



Diffusion Mathematics
Visualization Placeholder

(Chart 22)

Forward: Reverse:
q(xtlxe—1) = N(V1 = Bexe—1, Btl) po(xt—1lxt) = N(ng, Xg)
Noise Schedule: Training:
2
® Linear: 0.0001 -; 0.02 L=E[lle — eg(xt, t)I7]

® Cosine: Variable rate Intuition: Predict noise, subtract it

® Matters: Smooth degradation
Linear noise schedule works for most cases

Machine Learning for Smarter Innovation (BSc-Level Course)



Latent Interpolation
Visualization Placeholder

(Chart 23)

Method: Applications:
® Sample z1, z» ® Style transfer
® |Interpolate: z; = (1 — t)z; + tz ® Face morphing
® Generate: x¢ = G(zt) ® Drug discovery

Meaningful latent spaces enable smooth interpolation

Machin

ing for Smarter Innovation (BSc-Level Cours:



Steps:
® T=1000: Noise
® T=500: Structure
® T=0: High quality

Gradual refinement

Machine Learning for Smarter Innovation

evel Course)

Denoising Steps

Visualization Placeholder

(Chart 24)

Control:

® Guidance scale

® Step count



Adversarial Theory

Visualization Placeholder

(Chart 25)
Theory: Benefits:
® Minimax convergence ® Sharp, realistic
® Equilibrium: pg = pyata ® Fine details

® No averaging

Adversarial pressure prevents averaging

Machin ing for Smarter Innovation (BSc-Level Cours:



Method IS FID Time
Random 1.0 500 -
Results (MNIST):  VAE 5.2 48 30min
GAN 9.1 9 2hr
Diffusion 9.3 3 8hr
Real 9.7 0 -

Quality-speed tradeoff guides selection

| Quality Metrics Over Time

Visualization Placeholder

(Chart 26)

Observations:
® Diffusion: Best
® GAN: 4x faster
® VAE: Fast, blurry
Patterns:
® VAE: Monotonic
® GAN: Oscillates

Machine Learning for Smarter Innovation (BSc-Level Cours:



Stable Diffusion Api

Visualization Placeholder

(Chart 27)
)
Usage: Parameters:
response = requests.post( ® cfg.scale: 1-20
apiurl, o steps: 10-150
headers={"Auth": key}
json={ ’ Cost: $0.004/image

"text_prompts": [{"text": "city"}],
"cfg_scale": 7,
"steps": 30

»
APls: DALL-E 3, Midjourney, Stable Diffusion

for Smarter Innovation (BSc-Level Cou




Generative Landscape

Visualization Placeholder

(Chart 28)
Ao
VAEs: Probabilistic, smooth latent, blurry Diffusion: Iterative denoising, high quality, slow
GANSs: Adversarial, sharp outputs, unstable Transformers: Sequential, excellent text, scalable

Each approach has unique strengths - modern systems combine techniques

Machine Learning for Smarter Innovation (BSc-Level Course)



Choosing Your Generative Model

Decision Framework for Practitioners

Decision Criteria: Recommendation Table:
1. What are you generating? Use Case Best Why
® Images: Diffusion or GAN Photorealistic Diffusion Quality
. Fast prototype GAN Speed
° .
Text: Transformer (GPT family) Data augment  VAE Stable
® Structured data: VAE Text gen Transformer Sequential
Style transfer VAE Interpolate
® Multimodal: Diffusion + Transformer Research VAE Interpret

2. Data size?

® < 10k samples: VAE (stable)

® 10k-100k: GAN or VAE

® > 100k: Diffusion or Transformer
3. Priority?

® Quality: Diffusion (FID j 5)

® Speed: GAN (single pass)

® Stability: VAE (always converges)

® Control: Diffusion (guidance)

Model selection requires balancing quality, speed, stability against problem constraints

When NOT to Use:

® VAE: Need sharp images

® GAN: Limited data, need stability

® Diffusion: Real-time inference required

® All: Insufficient compute resources

Week Oe: Generative Al
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VAE Pitfalls GAN Pitfalls

Diffusion Pitfalls
1. Posterior Collapse 1. Mode Collapse 1. Slow (1000 steps)
® KL-i0 ® Limited variety ® Latency issue
® Fix: 8-VAE, warm-up ® Fix: Minibatch disc ® Fix: DDIM (50 steps)
2. Blurry 2. Unstable 2. Memory
® MSE averages ® Oscillates

® High-res costly

® Fix: Perceptual loss ® Fix: Wasserstein, spectral norm ® Fix: Latent diffusion

Each approach has characteristic failure modes with specific solutions

Machine Learning for Smarter Innovation (BSc-Level Course)



Generative Al Best Practices

From Research to Production

Training:
1. Start Simple

® Low res first (64x64 before 1024x1024)
® Validate on toy datasets
2. Monitor Obsessively
® Log every 100 steps
® Visual sample inspection
® Track FID/IS
3. Use Pretrained
® Transfer learning saves weeks
® Fine-tune Stable Diffusion
4. Ablation Studies

® Test components independently

Production requires systematic validation and continuous monitoring

Deployment:
1. Quality Control

® Human-in-the-loop review
® Content filtering
® Watermarking
2. Performance
® Quantization (FP16, INT8)
® Distillation for speed
® Caching
3. Safety
® Rate limiting
® Content moderation
® Prompt injection defenses
4. Continuous Improvement
® User feedback
® A/B testing

Week Oe: Generative Al October 6, 2025
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Generative Tradeoffs

Visualization Placeholder

(Chart 29)
-~ s

Stability: Quality:
® VAEs, Diffusion: Stable ® Diffusion, GANs: Excellent
® GANSs: Unstable ® VAEs: Blurry
Speed: Control:
® VAEs, GANs: Fast ® Diffusion, Transformers: High
® Diffusion: Slow ® GANSs: Limited

Choose based on requirements

Machine Learning for Smarter Innovation (BSc-Level Course)



Modern Applications

Visualization Placeholder

(Chart 30)
Image: Text:
® DALL-E 3, Midjourney ® GPT-4, Claude, Gemini
® Stable Diffusion, Firefly ® Llama 2 (open)
® 1024x1024, 10-30 sec ® 32k-200k tokens, 100+ languages

Production systems achieve human-level performance

Machine Learning for Smarter Innovation (BSc-Level Course)



Ethics Summary

Visualization Placeholder

‘ (Chart 31)
Q

Learned: Ethics:

® VAEs: Probabilistic, blurry ® Deepfakes, copyright

® GANSs: Adversarial, realistic ® Bias, displacement

® Diffusion: Best quality Solutions:

® Decision framework, pitfalls ® Watermarking, auditing
Future: ® Governance

® Faster, multimodal, edge Next: Apply to innovation

Balance capability with responsibility

Machine Learning for Smarter Innovation (BSc-Level Course



NLP for Emotional Context

From Words to Understanding What Users Really Feel

Week 3: Machine Learning for Smarter Innovation

Transform 50,000 Reviews into Actionable Design Insights



Today's Journey: From Confusion to Clarity

Four Stages of Understanding

1. The Challenge - Why understanding emotion in text is impossibly hard
2. First Solution & Its Limits - Traditional NLP works... until it doesn’t
3.

4. Design Synthesis - From ML insights to user empathy

The Breakthrough - How Transformers changed everything

Core Question: How can we understand the emotions of 50,000 users without reading
5 million words?

Large-scale emotional analysis enables mass personalization - automated sentiment understanding processes millions of user expressions beyond manual

capacity

NLP for Emotional Context 2 /34



Your Challenge: 50,000 Reviews, 10 Critical Insights

Which Reviews Reveal Why Users Really Quit?

The Scenario You Face:

® Your product has 50,000 user reviews Real Review Examples
view Examples:

Y : .
Average review: 100 words “Love it but..." (quit in 2 weeks)
® Total: 5 million words to process “Not bad for the price” (renewed 3 years)
. . . . “Just what | expected!” (1-star rating)
® Hidden inside: The 10 reviews that explain 80% of churn Fiellly coeens g i (G diengit)

The Human Limit:
® Reading speed: 200 words/minute

Review Volume: Exponential Growth Problem

® Time to read all: 417 hours (10 weeks!) so0000 — Tt Roviws

New Daily

® Reviews arrive: 500 new ones daily

400000

® You're already behind before you start

300000

200000

Number of Reviews

100000

o /

0 5 10 15 20 2 20

Data velocity exceeds human processing capacity - automated analysis becomes necessity rather than optimization
NLP for Emotional Context 3/34



Building Block 1: Words Don't Have Fixed Meanings

Context Changes Everything

Same Word, Different Meanings:

“Cold”
® Restaurant: “The soup was cold” — Negative
® Service: “Support was cold” — Negative
® Beer: “Nice and cold” — Positive

® |ogic: “Cold hard facts” — Neutral

“Fast”
® Delivery: “Super fast!” — Positive
® Battery: “Dies too fast” — Negative

® Customer service: “Too fast, felt rushed” —
Negative

NLP for Emotional Context

100 -075 -080 -025 000 025 05 075 100 -100 -075 -050 -025 000 025 050 075

The Computer’s Problem:

Same Word "Cold" - Different Meanings by Context

Restaurant: "Soup was cold" Service: "Support was cold"”

100
Sentiment Sentiment

Beer: "Nice and cold" Logic: "Cold hard facts"

-100 -075 -050 -025 000 025 05 075 100 -100 -075 -050 -025 000 025 050 075 100

Sentiment Sentiment

Key Insight: A word's emotional meaning depends on ALL sur-
rounding words, not just the word itself.
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Building Block 2: Emotion Has Multiple Layers

What People Say What They Feel

Layer 1: Literal Layer 2: Sarcastic Layer 3: Cultural
® “Great product” ® “Just wonderful” ® “It's okay”
® (Clear positive ® Opposite meaning ® Varies by culture
® Easy to detect ® Context reveals truth ® UK: Negative
® 15% of reviews ® 25% of reviews ® US: Neutral
Example: Example: Example:
“This is excellent. | love every feature. Will buy “Oh great, another update that breaks “It does what it says”
again.” everything” UK:
— Genuinely positive — Actually negative US: Satisfied

The Complexity: 60% of emotional meaning is NOT in the words themselves but in how they're
used together

Interpretive cc ity limits ¢ - emotional content carries inherent ambiguity even among expert human evaluators

NLP for Emotional Context 5/34



Why This Problem Explodes in Complexity
Complexity Explosion: 600,000 Combinations

Word' 0,000
x Em.0,000

Week 3



Information Theory: Why Compression Loses Emotion

The Mathematical Impossibility

Information Content Analysis:

Component Bits Information
One word 14 bits  Which of 10,000 words
+ Position 7 bits Where in sentence
+ Emotion 3 bits 8 emotion types
+ Context 10 bits Surrounding words
+ Sarcasm 1 bit Yes/No
Total per word 35 bits

Per review (100 words) 3,500 bits

50,000 reviews 175M bits 22 MB

Traditional Compression:
® Keyword counts: 10,000 — 100 words
® Compression ratio: 100:1

® |nformation lost: 99%

Information per Word (35 bits) 99% Information Lost in Compression

99%
LoST

\.

The Dilemma:

Compress too much — Lose emotional nu-
ance

Keep everything — Impossible to process

Need: Selective preservation of emotional
signal

Can we preserve emotion while compressing 100:17

Information-theoretic limits constrain compression - high-entropy signals require proportionally complex representations to preserve fidelity

NLP for Emotional Context
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The Intuitive Solution: Count Emotional Words

How Would YOU Quickly Scan 1000 Reviews?

Human Strategy:

- 5
1. Look for emotion words: “love”, “hate”, “terrible”

L. . Example Analysis:
. Count positive vs negative

“I love the design but hate waiting. The quality is excellent though

2
3. More positive — Happy customer s s R
4

. More negative — Unhappy customer Count: 2 positive, 2 negative

. Score: 50% - 50% = Neutral (0)
Computer Implementation:

. . Seems reasonable!
® Build word lists

® Positive: [great, excellent, love, amazing...]
® Negative: [bad, terrible, hate, awful...]

® Count occurrences

Traditional Sentiment Analysis: Word Lists

Positive Word List Negative Word List

® Calculate: Positive% - Negative% mm= 1=
verec veor
o I - [
T S S T R R T S S T T T
Positve Scors Negatwe Score
Simplicity enables initial progress - crude approximations provide baseline performance that reveals limitation patterns
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Bag of Words: Converting Text to Numbers

The Classic Approach in Action
Step-by-Step Process:

1. Original Review:

“The product quality is excellent excellent excellent but customer service terrible
terrible”

2. Tokenize (split into words):

The, product, quality, is, excellent, excellent, excellent, but, customer, service, terrible,
terrible

Word Count Word Count
3. Count Each Word: excellent 3 terrible 2
) " product 1 service 1
quality 1 customer 1

4. Convert to Vector:
1,11,3,00,01,1,20, ..
(10,000 dimensions, mostly zeros)

NLP for Emotional Context

1. Originat Review

What We Keep:

® Word frequencies

® Vocabulary presence
What We Lose:

® Word order

® Grammar



TF-IDF: Making Words Matter Differently

Not All Words Are Equal

The Problem with Raw Counts: Example Calculation:
® “The" appears 1000 times — Important? Word TF  IDF  TF-IDF
. : " . 2 “the” 0.15 0.01  0.0015
Revolutionary” appears once — Not important? soroduct” 005 069  0.034%
® Common words dominate “excellent” 0.10 1.38 0.138

K . “revolutionary” 0.02 3.40 0.068
® Rare but meaningful words ignored

TF-IDF Solution: Result: Meaningful words now weighted higher than common
words!

count in doc total docs
TF-IDF = X log -
total words docs with word

Term Frequency Inverse Document Freq

® TF: How often in THIS review
® |DF: How rare across ALL reviews

® Product: Important AND distinctive

Rarity signals importance - terms appearing selectively carry more discriminative power than ubiquitous vocabulary

NLP for Emotional Context 10 / 34



SUCCESS! Traditional NLP Shines

When Simple Reviews Get Perfect Scores

Review Text Human BoW+TFIDF Match

“This product is absolutely fantastic!  Positive Positive (95%)
Best purchase ever!”

“Terrible quality. Waste of money. Very  Negative  Negative (92%)
disappointed.”

“Good product, fair price, happy with  Positive Positive (88%)
purchase”

"“Broken on arrival. Customer service un-  Negative  Negative (94%)
helpful. Never again.”

“Excellent! Exceeded all expectations!  Positive Positive (97%)
Highly recommend!”

Average Accuracy: 93.2%
This is why Bag of Words dominated for 40 years!

Explicit signals enable simple methods - literal expression reduces analytical complexity compared to implicit communication
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The Collapse: Where Traditional NLP Fails

Performance Degradation with Complexity

Review Type Example Human BoW  Accuracy
Simple & Direct “Great product!” Pos Pos 95%
Mixed Sentiment “Good but overpriced” Neg Pos 67%
Sarcasm “Oh great, it broke. Just perfect!” Neg Pos 23%
Context Dependent “Not bad for the price” Pos Neg 31%
Subtle Emotion “It's fine, | guess” Neg Neu 44%
Negation “Not the worst |'ve seen” Neu Neg 28%

100

Accuracy (%)

Traditional NLP Performance Degradation

Random Guess (50%)

67%
a4%
31%
- - -

The Pattern:

e Simple: 95% — Works great!
® Real-world: 44% — Worse than coin flip
® Sarcasm: 23% — Actively wrong

Average: 51% (Random guessing: 50%)

NLP for Emotional Context

12 /34



Diagnosis: What Information Got Lost

Tracing the Failure Through Real Examples

Example: “Not bad for the price”
What BoW Sees:
® Words: [not, bad, for, the, price]
® “bad” — Negative word (-1)
® “not” — Negation word (ignored)
® Score: Negative
What Got Lost:
® ‘“not bad” = Actually positive
® “for the price” = Qualified satisfaction
® Relationship between words

® Overall: Mild positive sentiment

Information Loss Calculation:

Information Type Bits Lost
Word positions 420 bits
Word relationships 1,200 bits
Grammar structure 350 bits
Contextual meaning 890 bits
Total Lost 2,860 bits
Total Kept 640 bits
Kept Percentage 18%

Root Cause: Word order contains meaning!

NLP for Emotional Context

Information Preserved in Bag of Words

Kept (18%)
Word counts

13 /34



Stop: How Do YOU Understand “The Bank is Nice”?

Let’'s Be Honest About Our Mental Process
Trace Your Thinking:

Sentence: “| went to the bank. The water was nice.” .
1. Read “I went to the bank” The Key Observation:

You DON'T compress the sentence into a sum-

mary.

You KEEP all words available and SELECTIVELY

ATTEND to relevant ones when needed.

This is the breakthrough insight!

. Your brain: Could be financial or river...
. Read “The water was nice”
Your brain: Ah! River bank, not financial

. Re-interpret: “bank” = riverbank

o oA W N

. Understand: Person enjoyed the riverside

What You Actually Did:

® Held multiple meanings open Human Attention: "water" helps understand "bank"
® Used later words to resolve earlier ones

® Selectively focused on “water” to understand
“bank”

went  to e bank The water was

\_/

NLP for Emotional Context
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The Hypothesis: Don't Compress, Selectively Attend

A Fundamentally Different Approach

Old Way (Bag of Words): New Way (Attention):
® Take all words ® Keep all words
® Compress to counts ® Keep all positions
® Lose relationships ® For each word, look at all others
® Try to reconstruct meaning ® Decide how much to focus on each
Analogy: Analogy:
Like taking a book, counting word frequencies, throwing away the book, Like keeping the entire book and using a smart highlighter that knows which
then trying to understand the story from counts. sentences help understand other sentences.
Result: Lost 82% of information Result: Keep 100% of information
Can't recover context Use what's relevant when needed

Instead of asking “What to keep?” we ask “What to focus on?”

Paradigm shifts replace constraints with capabilities - architectural innovations enable previously impossible approaches
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How Attention Works: Focus Percentages

No Math Yet - Just Percentages

Example: Understanding “bank” in: “The bank by the river is peaceful”

Step 1: For word “bank”, look at all other words Step 3: Use these percentages to understand
Word Relevance to “bank” “bank”
The Low
by Medium “bank” meaning =
t.he LOW_ 5% X meaning(“The") +
river Very High 15% x meaning(“by") -+
s Low 5% X meaning( “the”) +
peaceful Medium 55% X meaning(“river”) +
5% X meaning(“is”) +
Step 2: Convert to percentages (must sum to 100%) 15% x meaning(“peaceful”)
Word Focus % = Mostly “river” context
_— = Riverbank, not financial bank!
The 5%
by 15% 7
the 5% . .
river 55% These percentages ARE the attention weights!
is 5%
peaceful 15%

Normalized weighting enables comparison - probability distributions force explicit trade-offs among competing information sources

NLP for Emotional Context 16 / 34



Why This Works: Geometric Intuition

Words as Directions in Space
Start Simple: 2D Space Scale to Real NLP: 768D Space

Word Vectors in 2D Space
Same principle, more dimensions:

river eam ® 2D: [x, y] coordinates

er ® 768D: [x, X, ..., X] coordinates

More dimensions = More nuanced meaning
Can distinguish “bank (river)” from “bank (money)” from “bank

(slope)”
2 Zrecnon
The Attention Calculation:
5 1. Compute alignment (dot product) with all words
E ’ - 2. Higher alignment = Pay more attention

3. Convert to percentages

4. Use percentages to blend meanings

iiffance Geometry gives us semantic similarity!

4
NLP for Emotional Context
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The Attention Algorithm: Three Essential Steps

Each Step Has a Purpose
Step 1: SCORE - Find Relevance
® Action: For each word, compute alignment with all others
® Why: Identify which words help understand this one
® Math: Scorejj = Q; - K;
® Plain: How relevant is word j to understanding word 7
Step 2: NORMALIZE - Create Percentages
® Action: Convert scores to probabilities (0-100%)
® Why: Need weights that sum to 1.0 for averaging

eScore i

® Plain: What percentage of attention should word j get?
Step 3: AGGREGATE - Blend Information

® Action: Weighted sum of all word meanings

® Math: o =

® Why: Combine context based on attention weights
® Math: Output; =3 aj - Vj

PR R,
U COMNLEXL
aneou

[P [P LI I,
INEW Unaersidanair usin

Attention Mechanism: Three Essential Steps

step 1: SCORE iR sepz NoRMALZE ) Step 3: AGGREGATE
Find Relovance Craato Porcontages Blond Information

The Complete Formula:

. QKT

Attention(Q, K, V') = softmax %4
Vdk

Where:
® Q = Query (what am | looking for?)
e K = Keys (what info is available?)
® V = Values (what to extract?)
® /d, = Scaling factor for stability

e ial bottlenecks

DI .. N P of . g
e Plain: g focus t i N
Parallelization scales computational thitoughptt - simultaneous processing across

NLP for Emotional Context
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Attention in Action: Complete Numerical Example

Real Numbers, Real Calculation
Task: Computing attention for “nice” in: “The service was nice"”

Given: Word Vectors (Simplified to 2D) Step 3: Aggregate
The = [1, 0], service = [2, 3], was = [0, 1], nice = [3, 2] Values: The=[1,1], service=[4,5], was=[1,2], nice=][5,4]
Step 1: Calculate Scores Output for “nice” =
Query (nice) = [3, 2] 0.007 x [1,1] +
Word Key Q-K Score 0.631 x [4,5] +
The [L 0]  3x1+2x0 3 0.000 x [1,2] +
service [2, 3] 3x2+42x3 12 0.362 x [5,4]
was [0,1]  3x042x1 2 = [0.01, 0.01] + [2.52, 3.16] + [0, 0] + [1.81, 1.45]
nice [3.2]  3x3+2x2 13 = [4.34, 4.62]
Step 2: Convert to Percentages (Softmax)
Word e”Score Attention %
The 20 0.7% Result: 63% attention on ‘“service”
service 162,755 63.1% The word “nice” is understood primarily in context
was 7 0.0% of “service” — Customer service sentiment!
nice 442,413 36.2%

Low-dimensional principles generalize to high dimensions - mathematical operations remain identical regardless of vector size
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BERT: Reading in Both Directions Changes Everything

The Power of Looking Forward AND Backward
Traditional (Left-to-Right Only):

Sentence: “The bank charges are too high”
Reading “bank”:

ww " Traditional (Left-to-Right): 50% chance of error
® Can see: "“The

Bidirectional Understanding Changes Everything

® Cannot see: “charges are too high”

® Guess: Could be river or financial...

. B ® o o
50% chance of error

—_———>
BERT (Bidirectional): Canonyse ot

Same sentence: “The bank charges are too high”

Reading “bank”: BERT (Bidirectional): 99% accurate

® Can see: “The” AND “charges are too high”

® ‘“charges” — financial context

® Certain: Financial bank The

® 99% accurate

Can see both directions

BERT’s Training Trick:

1. Mask random words: “The [MASK] is nice”
2. Predict masked word using ALL context

3. Must understand both directions to succeed
NLP for Emotional Context 20 / 34



Pre-training: Learning from 3.3 Billion Words

Standing on the Shoulders of Human Knowledge
BERT’s Pre-training Data:

® Wikipedia: 2.5 billion words

® BookCorpus: 800 million words

® Total: 3.3 billion words

® Equivalent: 16,500 books (200 pages each)
® Reading time: 104 years non-stop

What BERT Learned:
® Language patterns
® World knowledge
® Cultural contexts
® Emotional expressions
® Sarcasm patterns

® Domain vocabularies

Training Cost:
® Time: 4 days on 64 TPUs

3.3 Billion Words of Training Data Pro-raining Investment

® Cost: $50,000-100,000

NLP for Emotional Context

The Key Insight:
You DON'T need to train from scratch!
BERT already knows:

® Grammar

® Vocabulary

® Context patterns

® Emotional language

You just teach it YOUR specific task
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Fine-tuning: Teaching BERT Your Specific Task

From General Knowledge to Your Reviews

Your Fine-tuning Process:

1.

Start with Pre-trained BERT
® Has general language understanding
® Knows emotions, sarcasm, context

® But doesn’t know YOUR products

. Prepare Your Data

® 1,000 labeled reviews
® Positive, Negative, Neutral labels

® Your product-specific language

. Fine-tune (Transfer Learning)

® Show BERT your reviews
® |t adjusts its parameters slightly
® Learns your domain specifics

® Keeps general knowledge intact

. Time & Cost

® Time: 2-3 hours on GPU
® Cost: $10-50 cloud compute

® Data needed: As few as 500 examples

Example: Learning Company Slang

7

Before Fine-tuning:

“This app is sick!” — Negative (illness)
Your Training Data:

“Sick Ul design!” — Positive

“Sick features!” — Positive

“Sick performance!” — Positive

After Fine-tuning:

“This app is sick!” — Positive (cool)

Fine-tuning: Teaching BERT Your Specific Task

Predained Your Data Fine-tuned
(3.38 words) 90 reviews) Mode!

 General language * Your products + Both general AND
« World knowledge * Your users specific knowledge
+ No domain specific + Your language

NLP for Emotional Context
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The Results: From 34% to 94% Accuracy

Transformers Solve the Context Problem

The Transformer Breakthrough: Context Problem Solved

~ == Human Agreement (79%)
== Bag of Woids gg,

100
 BERF, 0%

93%

80

-3
=3

Accuracy (%)

40

20

Simple Sarcasm Context Overall
Reviews Dependent

Y



Discovering Your Emotion Taxonomy

What BERT Found in 50,000 Reviews

6 Core Emotion Clusters:

Emotion Taxonomy from 50,000 Reviews 1. Frustration (28%)

® Long wait times
® Complex interfaces
® Missing features

2. Delight (22%)

Dggght ® Unexpected features
- ® Beautiful design

® Fast performance
Frustration Confusion
28% 18% 3. Confusion (18%)

® Unclear instructions
® Hidden functions
® Inconsistent behavior

4. Trust (15%)

® Data security
® Reliable service
® Transparent pricing

5. Disappointment (12%)

Disappointment
12%

® Unmet expectations
® Quality issues
® Broken promises

6. Satisfaction (5%
24 /34



Mapping the Emotional User Journey

When and Why Emotions Shift

Emotional User Journey Over Time

100

80
9
= 60 ~®— Excitement
g
)
4
_5 —4— Satisfaction
g 40 Critical Period
w

20

Day 1 Week 1 Week 2 Week 4 Month 2 Month 3
Nuhaavdina (Nay 17\, L aavnina (\Manl 2 A\ RPautina (Manth 91 \.
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The Churn Priority Matrix

Which Emotions Predict User Loss?
High Impact on Churn:

Emotion-Based Churn Priority Matrix

100 )
1. Frustration + Confusion (72% quit)
CRITICAL “Can't figure it out and support doesn't help”
High Impact High Impact
LowFreauene High Freguency Design Action: Better onboarding + in-app help
80 )
( N
— e 2. Disappointment + Distrust (64% quit)
§ “Not what was promised, feels sketchy”
é Design Action: Align marketing with reality
E \ J
2
O a0
Low Impact on Churn:
Price.ems N
3. Minor Frustrations (8% quit)
20 u : S
‘Annoying but | deal with it
Design Action: Fix in regular updates
Minofsues J
00 10 20 40 50 60 70
oy (%)
Interaction effects dominate simple effects lated emotions mislead when combinations produce emergent meanings
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Data-Driven Persona Development

Real Users, Not Imagined Ones

The Enthusiast

15% of users
Language:
® “Love it!"
® “Game changer”
® “Can’t wait for...”
Emotions:
® Delight: 78%
® Anticipation: 22%

Design Need:
Advanced features

The Struggler

35% of users

Language:
® “Trying to..."
® “Can't find..."

® “How do I...”
Emotions:

® Confusion: 61%

® Frustration: 39%

Design Need:
Better guidance

The Pragmatist

30% of users
Language:

® ‘It works”

® “Does the job”

® “Fair price”
Emotions:

® Satisfaction: 82%

® Neutral: 18%

Design Need:
Reliability

The Critic

20% of users

Language:
® “Should have...”
® “Compared to X..."
® “Missing..."”

Emotions:

® Disappointment: 54%

® Frustration: 46%

Design Need:
Feature parity

These personas emerged from BERT clustering - not designer assumptions

Language-based segmentation reveals latent groups - behavioral patterns emerge from expression style rather than demographics

NLP for Emotional Context
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Empathy at Scale: Understanding Millions Individually

Personalized Understanding, Automated Delivery

The Scale Challenge:
® 1 million users
® 100 reviews each
® 100 million opinions

® |mpossible to read manually

BERT’s Solution:
® Process all in 24 hours
® Understand each individually
® Group by emotional need

® Generate targeted responses

Personalization Examples:
® Frustrated user — Proactive support offer
® Confused user — Tutorial recommendation
® Delighted user — Feature beta invitation

® Disappointed user — Feedback survey

Empathy at Scale: From Millions to One

“ o
1,'0”,

Real Impact:

1 minute
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Case Study: Spotify Wrapped

Emotion-Driven Engagement at Scale
The Challenge:

® 400 million users sty
® Make each feel special I
® Drive social sharing
® Increase engagement - = a
NLP Analysis Revealed: e I T
® Users want validation of taste - I, -
® Nostalgia drives sharing o o
® Uniqueness matters most )
Results:

® Discovery excites users
e 120M users engaged
e 60M social shares
. “ —_— % i i
® Personal emotion words: “Your year was Rebellious ® 40% increase in app usage

o g . e
® Unique statistics: “Top 0.5% of fans” oL lnsmess L sulbssipiltone
ROI: 400% on NLP investment

Design Response:

® Nostalgic moments: “You played X 47 times in March”

® Social proof: “Share your unique taste”

Emotion understanding — Personalization — Engagement — Business value
NLP for Emotional Context 29 /34



Your Turn: Emotion Mining Workshop

Apply These Techniques to Real Data
Workshop Exercise (45 minutes): Expected Outputs:

Dataset: ( )
1. Emotion Distribution Chart

Show percentages of each emotion

® Your choice of app category 2. Pain Point Priority List

. . Ranked by impact on ratings
° .
Mix of ratings (1 5 Stars) 3. User Segment Personas

® 5,000 app store reviews

® Real user language Data-driven, not assumed
4. Design Recommendations
Your Tasks: Specific, actionable, prioritized
1. Load pre-trained BERT model
2. Fine-tune on 500 labeled reviews Learning Objectives:
.. . L] 1 i1
3. Analyze remaining 4,500 reviews Use BERT for emotion analysis
. . ® |Interpret attention weights
4. Discover emotion clusters Lo . .
® Convert ML insights to design actions
5. Iden“fy top 3 pain points ® Experience the power of scale

6. Generate design recommendations

. - . . .
Tools Provided: From 5,000 reviews to 5 key insights in 45 minutes!

® Jupyter notebook template

® Pre-processed data
NLP for Emotional Context 30/ 34



When to Use Which NLP Method: De

ion Framework

SPEED & SIMPLICITY BALANCED PERFORMANCE MAXIMUM ACCURACY

Additional Considerations

Dato Volune: <I samples = Rule-based or few:shots 1K 10€ < Traditional HL; 210K « Transformers vidble
Langyages: Wulti-Lingual needs - Multilinguol BERT (WBERT, XLN-RoBERTa); English only - s:
Sonsin: Medical/Legal - Fine:tune donain-speciic trofisforner; General - Use pre-trained
ns)  Rule-based or”cached ML Batch processing - Transforners acceptable
el FoastEiorat W (T loor creaper) Enterorise — Tiamsiomers Tor pest 1omuits
Expletaabilitys Righ need = Rule-basod [tronsparenty or LIEJSHAP on i} A1ack box OK = Tramsforsers

(Principle: Start sir itic ), up: % itical |




Practice Exercises: From Theory to Application

Three Levels of Hands-on Learning

Exercise 1: Basic
Sentiment Analysis
Time: 20 minutes
Difficulty: Beginner
Task:
® Use pre-trained model
® Analyze 100 reviews
® Classify positive/negative
® Calculate accuracy

Learning Goal:
Understand basic NLP pipeline
Tools:

® TextBlob or

® Hugging Face pipeline

Exercise 2: Intermediate
Emotion Detection

Time: 45 minutes
Difficulty: Medium

Task:
® Fine-tune BERT
® 6-class emotions
® Analyze attention weights

® Visualize results

Learning Goal:
Work with transformers

Tools:
® Transformers library

® Pre-labeled dataset

Exercise 3: Advanced
Full Pipeline
Time: 90 minutes
Difficulty: Challenging
Task:

® Scrape real reviews

® Preprocess text

® Fine-tune model

® Generate personas

® Create dashboard
Learning Goal:
End-to-end implementation

Deliverable:
Emotion insights report

Resources: Notebooks at github.com/ml-design-course/week3-nlp

Progressive complexity builds competence - sequential skill development enables advanced capability through mastered fundamentals

NLP for Emotional Context
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Key Takeaways: What You've Learned

From Words to Design Insights

Technical Understanding: Design Applications:
® Why context matters in language ® Data-driven persona creation
® How Bag of Words loses information ® Emotion-based user journeys
® What attention mechanisms do ® Priority matrices from ML analysis
® How BERT reads bidirectionally ® Scalable empathy systems
® Why pre-training + fine-tuning works ® Personalization strategies
Practical Skills: Remember:

® |dentify emotion in text at scale

e Use pre—trained models effectively The Goal: Not to read faster, but to understand deeper
The Method: Selective attention to what matters

® Fine-tune for specific domains The Result: True user understanding at scale

® |nterpret attention visualizations

® Convert ML outputs to insights
Next Week: Classification & Problem Definition

Technical capability transforms analytical scope - methods enable understanding previously inaccessible through manual approaches
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Key Takeaway

Understanding emotion at scale is not about
reading faster—it's about attending smarter

Next Week: Classification & Problem Definition
From emotions to actionable categories



Topic Modeling & ldeation

Discovering What You Didn't Know You Were Looking For

Week 5: Machine Learning for Smarter Innovation

Transform 1 Million Comments into 10 Innovation Opportunities



Today's Journey: From Chaos to Clarity

Four Stages of Discovery

1. The Hidden Pattern Problem - Why we miss what matters most
2. Understanding Hidden Structure - How documents mix topics

3. The Algorithm Arsenal - Four ways to unmix topics
4

. Innovation Through Discovery - From patterns to products

Core Question: How do you find themes you didn't know existed in data too large to
read?

Topic modeling reveals latent structure - probabilistic decomposition exposes thematic patterns invisible through direct observation

Topic Modeling & Ideation 2 /34



Your Challenge: 1 Million Feedback Comments

What Are People Really Saying?

The Scenario:
® Online retailer with 1M reviews
® Need insights by tomorrow
® Competitors analyzing manually

® Missing patterns = lost opportunities

Manual Approach:
® Read 100 reviews/day
® 10,000 days to finish (27 years!)
® Cost: 50 analysts x $50K = $2.5M/year

® Still miss cross-cutting themes

What You're Missing:
Visible: 5%

Obvious
complaints

Emerging
issues

Hidden: 95%

Latent
needs

Result: You see complaints,
miss opportunities

Volume necessitates automation - pattern discovery scales beyond manual capacity when data growth exceeds analyst availability

Topic Modeling & Ideation
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The Real Cost of Missing Hidden Patterns

When You Can’t See the Forest for the Trees
Blockbuster (2000-2010): The Pattern Discovery Gap:

® Had millions of rental records

® Categorized by genre (Action, Drama)

® Missed micro-preferences Netflix found:
, I . e Micro-genres humans never named
® Couldn’t see "Films with strong female leads from o Cross-category preferences
the 80s” ® Time-based viewing patterns

® Mood-driven selections

® Result: Bankruptcy in 2010

Netflix (Same Period):
® Applied topic modeling to viewing data
® Discovered 76,897 micro-genres
® " (Critically-acclaimed emotional dramas”
® "Witty foreign thrillers”
® Result: $240B market cap

Algorithmic pattern detection reveals latent structure - computational approaches expose relationships human intuition overlooks

Topic Modeling & Ideation 4 /34



Why Human Categorization Breaks Down

Our Brains Aren’t Built for Big Data

Human Limits: Scale Comparison:
1. Cognitive Capacity

® Can track 7 categories at once

° . . 0,
After 50 items: accuracy drops 40% Yearly: 3.6
® After 500 items: random guessing
2. Consistency Problem g ] Monthly: 300,000
E
® Same text, different day = different category g
® Two analysts = 60% agreement max Daily: 10,000

® Fatigue changes decisions

3. Bias Blindness Human: 100/day

® See what we expect to see

® Miss emerging trends

® Overlook weak signals . o R
The Gap: Human capacity is linear,

data growth is exponential

Real-time analysis demands computational methods - latency requir: liminate | processing as viable option

Topic Modeling & Ideation 5/34



The Cross-Cutting Theme Challenge

When Topics Don’t Fit in Boxes

Traditional Categories:

@ Where does this go?

Price Quality Service

Real Review: "Great value for money, though shipping was slow.
Product quality exceeded expectations given the price point.”

Problem: Mentions price, quality, AND service - which
box?

Topic Modeling Solution:

Document Mixture:
® 40% about price/value
® 35% about quality

® 25% about service

Benefit: Captures full meaning, not forced choice

Every document is a unique mixture of topics - forcing single categories loses information

Topic Modeling & Ideation
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Enter Topic Modeling: Pattern Discovery at Scale

From Human Limits to Machine Intelligence

What Topic Modeling Does:
1. Discovers Hidden Themes

® No predefined categories
® Themes emerge from data

® Finds unexpected connections

2. Handles Scale
® 1M documents in hours
® Consistent analysis

® Never gets tired

3. Captures Nuance
® Documents as topic mixtures
® Probabilistic understanding
® Cross-cutting themes

4. Evolves with Data
® Detects emerging trends
® Tracks topic evolution

® Adapts to new patterns

The Transformation:

Topic Discovery Landscape: Finding Peaks in Data Mountains

Product

Innovation
125 Neads
Customer

Shipping

Topic Strength

Document Space

Real Impact:

e 10,000 documents — 20 themes
® Processing time: 5 minutes
e Human equivalent: 3 months
® Patterns found: 15 unexpected

Nlawa. Ll Ao cvinnbloans £ sbhicncn LIddan cndbdnwven?D
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Documents Are Like Recipes

A Simple Way to Think About Topics

Think of Cooking:
Ingredients = Words

® Tomato, cheese, basil, pasta...
® Each has different uses

® Can appear in many dishes

Recipe Types = Topics
® |talian: pasta, tomato, basil, olive oil
® Mexican: beans, corn, chili, lime

® Asian: rice, soy, ginger, sesame

Actual Dish = Document
® Fusion pasta: 60% Italian, 40% Asian
® Uses ingredients from both

® Mixed in specific proportions

The Document Recipe:

| | Topic 2 | | Topic 3

price, valug, affordable shippinf, fast, delivery

Document

30% T1 + 50% T2 + 20% T3

Key Insight: Every document mixes multiple topics, just like fu-
sion cuisine mixes cooking styles

Proportional mixture representations preserve information - hard category assignment discards distributional structure present in multithematic content

Topic Modeling & Ideation
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Topics Are Word Probabilities

Which Words Define Each Theme?

What Is a Topic?
A list of words with probabilities
High probability = core to topic
Low probability = rarely appears
All probabilities sum to 100%

Example: " Customer Service” Topic

Word Probability
service 15%
support 12%
helpful 10%
response 8%
quick 7%
team 6%

Visual Distribution:

Topic Word Distribution: "Customer Service” Theme

Probabity
- _
P
; _
°
H

Reading the Chart:
® Tall bars = defining words
® Many small bars = common words

® Pattern = topic signature

[ Computers find these patterns by analyzing millions of word co-

Topic Modeling & Ideation 9 /34



Every Document Mixes Multiple Topics

Real Documents Are Never Pure

A Real Product Review: "The laptop arrived quickly and was well
packaged. Performance is excellent for the price, though battery life could be
better. Customer service was helpful when | had questions about setup.”
Topic Breakdown:

® Shipping (25%): arrived, quickly, packaged

® Performance (35%): excellent, battery, performance

° . price, worth

® Service (20%): customer, helpful, questions

The Math: P(word—doc) = 3~ P(word—topic) x P(topic—doc)

Topic Mixture Visualization:

Shipping 259
pping ervice 20%

Value 20%
Performance

No document is 100% one topic - real communication always
blends themes

Proportional topic mixing reflects natural communication patterns - written expression typically combines multiple thematic elements rather than

maintaining topical purity

Topic Modeling & Ideation
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The Challenge: Unmixing the Smoothie

Reverse Engineering the Recipe

The Problem: How Algorithms Solve It:
1. Pattern Recognition

® Words that appear together
l ® Consistent co-occurrences

® Statistical regularities

2. lterative Refinement

® Start with random guess
1
1 ® Improve topic definitions
1 . .
v ® Adjust document mixtures

How to reverse? ® Repeat until stable

3. Optimization

Given: Mixed documents ® Maximize topic coherence
Find: Original topics ® Minimize reconstruction error
Challenge: Many valid solutions! ® Balance specificity/coverage

Like Having a Smoothie:
® Taste the final blend
® Need to identify ingredients

The Magic: Algorithms find patterns humans can’t see in millions
of documents
® Determine proportions

© Without the, recipel . P P .
Scale enames preosmnp- larger corpus sizes reveal subtler thematic distinctions in
Topic Modeling & Ideation 11 / 34



The Matrix View: Documents x Words

Organizing Text as Numbers

Step 1: Count Words Visual Decomposition:
quality price service 5000 20
Review 1 3 1 0
Review 2 0 2 4
Review 3 2 3 1 5000
Review 4 1 0 5 8 .
N S | Documents | = | o
Step 2: Find Patterns — a
® Reviews 1,3: quality + price
® Reviews 2,4: service-focused
® Hidden structure emerges .
Words Topics

Step 3: Decompose
® Original = Topics X Mixtures
® 1000x5000 = (1000%20) x (20x5000)

® Huge matrix — Two smaller ones

Benefit: Compress millions of words into 20 meaningful topics

Dimensionality reduction preserves signal while eliminating noise - low-rank approximations capture dominant patterns efficiently

Topic Modeling & Ideation 12 / 34



How Do We Know Topics Are Good?

Measuring Quality Without Ground Truth

Good Topics Are:
1. Coherent

® Words belong together

® Make semantic sense

® Tell a clear story
Example: [GOOD] {pizza, pasta, ltalian, restaurant}
2. Distinctive

® Different from other topics

® Not overlapping

® Clear boundaries
Example: [BAD] Topic 1 and 2 both about "food”
3. Interpretable

® Humans understand them

® Can be labeled easily

® Actionable insights

Quality Metrics:

Qptimat 20 topics
Finding the Right Number of Topics

= ~@- Coherence Score.

Too General

Too Specifc

Swee Spot

0475

0450

0425

0.400

0475

Topic Coherence Score

0350

0325

0300

£
Number of Topics

Choosing Number of Topics:
® Too few (5): Too general
® Just right (20): Clear themes
® Too many (100): Redundant

[ Rule of thumb: 20-50 topics for most datasets, check coherence ]
Topic Modeling & Ideation
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Ready to Learn the Algorithms

What You Now Understand

Core Concepts: Next: Four Approaches

® Documents mix multiple topics | LDA: Probabilistic |

® Topics are word probabilities
® Goal: unmix the smoothie | NMF: Parts-based |

® Matrix decomposition helps
‘ LSA: Semantic ‘

® Quality matters more than quantity

The Challenge: | BERT: Context |

® Given: Mixed documents

Each algorithm unmixes topics differently - like different
® Find: Hidden topics chefs approaching the same ingredients

® Make: Useful for innovation

Next: Deep dive into each algorithm

Problem formulation enables algorithmic solutions - understanding mixture decomposition requirements guides method selection and evaluation

Topic Modeling & Ideation 14 / 34



Four Algorithms, Four Philosophies

Different Ways to Find Hidden Themes

Our Toolkit:

10 1. LDA
The probabilistic chef
"What's the recipe probability?”

Topic Modeling Algorithm Comparison

2. NMF
0¢ The LEGO builder
"What parts combine?”
3. LSA

The meaning compressor

g "What's the essence?”
g 4. BERTopic
H The context reader
0t "What's the full meaning?”

Trade-offs:
® Speed vs Quality

® |nterpretability vs Accuracy
BERTopic 05 o7

® Simple vs Complex
00

Speed Interpretabilty Accuracy Scalabillty Short Text

Algorithm characteristics determine applicability - computational complexity, interpretability, and data requirements constrain method selection
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Algorithm 1: LDA (Latent Dirichlet Allocation)

The Probabilistic Recipe Finder

How LDA Thinks:

® Documents are recipe cards

® Topics are ingredient lists

® Each word is randomly picked:

1. Pick a topic (from document’s mix)
2. Pick a word (from that topic)

® Work backwards from words to topics

The Process:

Doc Mix

30% T1|70% T2

Pick Topic
[Pick Word]

Real Example: Input: 1000 restaurant reviews
Output: 5 topics discovered

Topic Top Words
Food pizza, pasta, taste
Service waiter, friendly, quick
Ambiance cozy, music, romantic
Price expensive, value, worth
Location parking, convenient
Performance:
® Speed: (5 min/1000 docs)

® Quality: High
® Interpretability: Excellent

Use LDA when: You need interpretable topics with probability estimates

Topic Modeling & Ideation
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LDA: The Math (Made Simple)

Probability All the Way Down

The Generative Story:
1. For each document:

Draw topic proportions
e.g., [0.3, 0.5, 0.2] for 3 topics

2. For each word position:
Pick a topic from proportions
Pick a word from that topic

The Math (Simplified):
P(word—doc) = Z P (word—topic)
X P(topic—doc)

"Word probability = Sum of (word in topic X topic in document)

Hyperparameter automation simplifies deploy - default confi

Visual Process:

Document-Topic Distribution Example

Topic Proportion

Parameters to Set:
® K: Number of topics (try 20)
® «: Document focus (small = focused)

® 3: Topic focus (small = specific)

ations enable initial application while domain tuning optimizes performance

Topic Modeling & Ideation
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Algorithm 2: NMF (Non-negative Matrix Factorization)

The LEGO Block Builder

How NMF Thinks: Visual Decomposition:
® Topics are LEGO sets
® Documents are built from blocks NMF: Non-negative Matrix Factorization

® Only adding, never subtracting

® Each part contributes positively

v

The Decomposition: st = ol x et

V=WXxH

® V: Your documents (1000x5000)
® W: Document-topics (1000 20)
® H: Topic-words (20%5000)

® All values > 0 (non-negative) Part/Topic Components
Why " Parts-Based"? Real Example Output: g ree,” dispay, brght, o
J poce e nose  mouth Buia el s qurable
® Review = quality + price + service Performance:
* Only additive components ® Speed: Fast (2 min/1000 docs)
® Quality:

® Interpretability: Very High
Topic Modeling & Ideation 18 / 34



Algorithm 3: LSA (Latent Semantic Analysis)

The Meaning Compressor
How LSA Thinks:

® Words have hidden meanings
® "Car" = "Automobile” ~ "Vehicle"
® Compress to essential concepts

® Like MP3 for text

The Math Tool: SVD
A=UxX x VT

® A: Document-term matrix
® U: Document concepts
® 3: Concept importance

® V: Term concepts

Dimension Reduction:
® 5000 words — 100 concepts
® Keep most important patterns

® Lose noise, keep signal

Semantic Space:

Concept 2

ar
auto

meal
food

Concept 3

What It Finds:
® Synonyms automatically grouped
® Related concepts connected

® Hidden relationships revealed

Performance:
® Speed: Very Fast (30 sec/1000)

Topic Modeling & Ideation

Concept 1
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Algorithm 4: BERTopic

The Modern Context Master

How BERTopic Thinks: Visual Clustering:
® Uses BERT's language understanding
® "Bank” (money) "Bank” (river)
® Context determines meaning

® Clusters similar meanings

The Process:
1. Embed documents with BERT
2. Reduce dimensions (UMAP)
3. Cluster embeddings (HDBSCAN)
4. Extract topics with TF-IDF
Example Topics (More Nuanced):

Why It’s Better:

® Understands context Topic Description

® Handles short texts well 1 Frustrated with slow shipping
2 Delighted by surprise quality

® Finds nuanced topics 3 Confused about setup process

® Dynamic number of topics Performance:

® Speed: Slow (10 min/1000)
® Quality: Excellent
® |Interpretability: High
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Choosing Your Algorithm

Which Tool for Which Job?

charts/algorithm_speed_quality_tradeoff.pdf

Topic Modeling & Ideation

Decision Guide:

Use

LDA when:
Need probability estimates
Want interpretable topics

Have medium-length texts

NMF when:
Finding product features
Need fast results

Want additive parts

LSA when:
Finding similar documents
Need very fast processing

Dimension reduction

BERTopic when:
Quality is critical
Have short texts (tweets)

Need nuanced topics
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Real-World Performance

What to Expect in Practice

On 10,000 Reviews: Scalability:
Algorithm Time Topics  Quality Dataset Size  Best Choice Time
LDA 5 min 20 85% i1K docs BERTopic 5 min
NMF 2 min 20 1K-10K LDA 10 min
LSA 30 sec 20 10K-100K NMF 30 min
BERTopic 15 min 23 92% ;100K LSA—LDA 1 hour
Quality Metrics: Industry Usage:
® Coherence score (0-100) ® Netflix: LDA (content)
® Human evaluation ® Amazon: NMF (reviews)
® Actionability of insights ® Google: LSA + modern variants

® Startups: BERTopic

Reality check: All algorithms find useful patterns - perfect is enemy of good

Benchmark comparisons quantify trade-offs - controlled evaluation reveals relative strengths across speed, quality, and scalability dimensions

Topic Modeling & Ideation
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Advanced: Tracking Topic Evolution

How Themes Change Over Time

Dynamic Topic Modeling:

Emerging Topic Trends Over Time

® Topics aren't static
® |anguage evolves

® New themes emerge
® Old themes fade

Example: Smartphone Reviews
® 2010: "Battery life, small screen” 0
® 2015: "Camera quality, apps”
® 2020: "5G, privacy, ecosystem”

® 2024: " Al features, sustainability” Business Value:

How to Track: ® Spot trends before competitors
® Run topic modeling by time period ® Adapt products proactively
@ Align topics across periods ® Predict future needs
® Track word probability changes ® Time market entry

® |dentify emerging themes early

Next: How to turn topics into innovation opportunities
Temporal topic tracking reveals trend dynamics - longitudinal analysis exposes emerging themes and declining concerns within user populations
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Implementation Best Practices

Making Topic Modeling Work

Data Preparation: Common Mistakes:
® Remove stop words ("the”, "a") ® Too few documents (;100)
® Keep domain-specific terms ® Too many topics (;100)
® Minimum 50 words per document ® Not removing boilerplate
® At least 1000 documents total ® Ignoring domain knowledge

. ® One-size-fits-all approach
Parameter Tuning:

© Start with 20 topics Success Factors:
® Try 10, 30, 50 ® (lean, relevant data
® Check coherence scores ® |terative refinement
® Get human feedback ® Human validation

® Clear use case

Quality Checks:

® Do topics make sense?

Action plan for results

® Are they actionable?

® Do they reveal insights? . -
Y e Remember: Topic modeling is exploratory - embrace unexpected

® Can you name them? discoveries

Domain expertise guides interpretation - algorithmic output requires contextual knowledge to transform statistical patterns into actionable insights
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Case Study: Netflix's 76,897 Micro-Genres

How Topic Modeling Changed Entertainment

The Challenge (2006): The Innovation:
® 100,000 DVDs in catalog |
® Basic genres: Action, Comedy, Drama

® Users couldn’t find what they wanted l,

Before: 20 genres |

° 0
60% of catalog never rented |After: 76.897 micro—genres|

Topic Modeling Applied:

® Analyzed viewing patterns Business Impact:

. . ° 0 . .
o User reviews and ratings 75% of views from recommendations
® 18% increase in engagement

® 80% catalog utilization (vs 40%)

® $1B saved in content acquisition

® Plot summaries and scripts

® Actor/director combinations

Discovered Patterns:
® " Quirky Independent Movies”

Key Insight: People don't want "action movies” - they want

® "Dark Comedies from the 1980s” " Visually-striking nostalgic action dramas”

® "Emotional Fight-the-System Documentaries”

Granular categorization reveals preferences - hierarchical topic decomposition exposes latent taste structures beyond conscious user awareness
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Case Study: Spotify’s 1,500 Micro-Moods

Music Discovery Through Emotional Topics

Traditional Categories: The Innovation Map:

® Rock, Pop, Jazz, Classical Innovation O ity Map: 1,500 Micro-Moads Di

® Happy, Sad, Energetic

® Missing nuanced emotions

Topic Modeling on: e
® 4 billion playlists i —

® Listening patterns by time

@

® Skip rates and repeats

« Niche | Mainstream

® Playlist names and descriptions
Discovered Moods:
® "Monday motivation”
® "Rainy day contemplation”
® "Late night coding” 80 o7 050 w0 050 o7 00
® "Sunday morning coffee” m—
® " Post-breakup empowerment” Results:
® 25% increase in listening time

PR V. PR .
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Case Study: 3M's Patent Mining

47 New Products from Hidden Connections

The Challenge: Cross-Pollination Matrix:
® 100,000+ patents in portfolio
® Siloed R&D departments "
8
® Missing cross-applications g ) .
. [ = High potential
® Duplicate research efforts S Yellow = Medium
[
@
Topic Modeling Applied:
® All patent descriptions
Applications
® Research papers
® Lab notebooks Innovation Results:
® Customer feedback ® 47 new product ideas identified
Unexpected Discoveries: ® 12 launched within 18 months
® Adhesive + Medical = Surgical tape e $120M revenue in year 1
® Abrasi Dental = Tooth whiteni L
brasive + Denta ooth whitening ® 30% reduction in R&D redundancy

® Reflective + Fashion = Safety clothing

Hidden connections in existing knowledge = breakthrough innovations
Cross-domain topic analysis reveals innovation opportunities - decomposing proprietary knowledge bases exposes non-obvious technology transfer pathways
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From Feedback Chaos to Product Roadmap

Turning Complaints into Features

The Process:
From Feedback Chaos to Product Launch 1. Collect all feedback channels
Run topic modeling (LDA)
Identify pain point themes
. Quantify impact

o s W

Prioritize solutions

Example Topics — Features:

Topic Found Feature Built
" Confusing setup” Onboarding wizard

" Battery anxiety” Power-saving mode
" Lost features” Search function
" Slow loading” Cache system
Impact:
ns%?nir#m ® 40% reduction in complaints

® 28% increase in retention

_ o e

Success Rate: 2%

°

4 5 6

Topic extraction from user feedback accelerates product development - automated theme identification converts unstructured complaints into prioritized

e e Topic Modaling & Ideation VAT



Case Study: IDEQO’s Design Research Synthesis

60% Faster Insights, 3x More Patterns

Traditional Research:
® 100s of interviews
® 1000s of sticky notes
® Manual affinity mapping
® 2-3 weeks synthesis
® 5-10 insights found

With Topic Modeling:
® Same interviews transcribed
® | DA + NMF combination
® Automatic theme discovery
® 3 days to insights
® 15-30 patterns found

Topic Modeling & Ideation

Healthcare Project Example:

| 500 Patient Interviews|
Topic Modeling

VRN

[ Wait anxiety | [Info gaps | [ Trust issues |

Insights Discovered:
® "Waiting room anxiety” — Redesigned space
® "Information blackout” — Status system
® "Provider trust” — Communication training
Design Impact:
® Patient satisfaction +34%
® Staff efficiency +22%

® Unexpected insights: 12
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Building Your Innovation Pipeline

From Raw Data to Product Launch

The 5-Step Process: The Innovation Funnel:
1. Data Collection

® Customer feedback

The Innovation Funnel: From Data to Products

500 Ideas

® Market research

® Competitor analysis
® Patent databases

2. Topic Discovery Tovi pconey rotems

® Run multiple algorithms

® Validate with experts _ 5-100pps

® Name and describe themes
Opportuny Mapping concts

3. Opportunity Mapping

® Check market fit

® Size each opportunity ‘,.. P
® Assess feasibility
»,.,‘m.

4. Prioritization

® |mpact vs effort matrix

® Resource requirements Success Metrics:

® |deas generated: 500+
® Topics identified: 20-30

el il 0 e

® Strategic alignment
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When to Use Which Topic Modeling Method: Judgment Criteria

When to Use Which Topic i : Decision F k

What is your priority?

INTERPRETABLE TOPICS SPEED & SIMPLICITY BEST SEMANTICS

Cutting-cWe resuls

Additional Considerations

Datasst Siae: <IX docs - LS siaple; 1C-100K - LOA optinel; 100K - SERTopic scalable

unt: Know K = LOA/WF: biscover K = Hierarchicat or BERTapic clus
e e A N o T s s F T o B eV met A
Streaning topics + Online LDA; Batch analysis - Any method suitable

t
Coherence: Need coherent topics ~ BERTopic (best); LDA with tuning; NMF varies
Computation: Limited resources - WMF (fastest); GPU available - BERTopic; Medium - LDA

[Principle: LDA rpr topics, speed, Topic for best coherence and modern semantics

Topic Modeling & Ideation
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Your Turn: Innovation Mining Challenge

45 Minutes to Find Hidden Gold

Basic (15 min): Manual Theme Intermediate (30 min): Run Topic Advanced (45 min): Innovation
Finding Modeling Pipeline

® Read 20 reviews ® Use provided code ® Compare 3 algorithms

® |dentify 3 themes ® |oad 1000 reviews ® Optimize topic count

® Count theme frequency ® Run LDA with k=10 ® Map to opportunities

® No coding required ® |Interpret topics ® Prioritize top 3
Deliverable: Theme list with examples Deliverable: Topic visualization + labels Deliverable: Innovation opportunity report
Success Criteria: Tools Provided: Bonus Challenge:

® 3 distinct themes ® Jupyter notebook ® Dynamic topics over time

® 5 examples each ® Pre-processed data ® Competitor comparison

® Clear naming ® DA template ® ROl estimation

Dataset: 5,000 product reviews from emerging startup

Comparative analysis validates interpretation - multiple analysts extracting independent themes from identical corpora reveals both algorithmic consistency

and subjective labeling variance
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What You Can Now Do

From Text Chaos to Innovation Strategy

Technical Skills Acquired: Innovation Capabilities:
® Run topic modeling on any text dataset
® Choose between LDA, NMF, LSA, BERTopic 1M Documents
® Evaluate topic quality with coherence l

® Visualize topic distributions

® Track topic evolution over time Topic Modeling

Business Applications: l

® Customer feedback synthesis

® Patent landscape mapping 20 Opportunities

® Research paper organization l

Social media trend detection

® Content recommendation 3 Products

ROI Example:

® |nvestment: 1 week analysis

® Discovery: 15 hidden needs
Topic Modeling & Ideation 33 /34



Topic Modeling Mastered

You Can Now:

Find hidden themes in massive text collections
Choose the right algorithm for your data
Transform unstructured feedback into structured insights

Discover innovation opportunities others miss

Next Week: Generative Al for Rapid Prototyping
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Today's Journey: From Hidden to Visible to Optimized

Four-Part Structure

Part 1: The Hidden Challenge (11 slides)
Invisible discrimination, measurement bottleneck, real harm

Part 2: First Solutions and Impossibility (13 slides)

Metrics work, then impossibility theorems reveal fundamental trade-offs
Part 3: Mathematical Breakthrough (17 slides)

Geometric intuition, Lagrangian optimization, production tools

Part 4: Production and Synthesis (10 slides)
4-layer architecture, modern tools, transferable lessons

Appendix: Mathematical Foundations (5 slides) - Deep proofs and derivations

Unifying Theme: Measurement transforms invisible discrimination
into visible, optimizable, auditable problems

Measurement transforms ethical concerns into technical problems - quantification enables optimization where qualitative assessment permits only

documentation

Responsible Al and Ethical Innovation 2 /59



The Invisible Discrimination: You Can’t Fix What You Can’t See

A real scenario that reveals the hidden harm:

The Hidden Pattern

Bank loan system, 2024:

10,000 applications processed

Observable outcomes:
Group A: 7,500 approved (75%)
Group B: 4,500 approved (45%)
Overall: 60% approval rate

Is this discrimination?

How would you even know?

Hidden factors:
Can't see: Intent, causation, counterfactuals
Can only see: Outcomes, rates, patterns
Qualification differences?
Historical bias?

Proxy variables?

The Invisibility Problem

Why discrimination stays hidden:

1. No Ground Truth
Can't observe “fair” counterfactual
What WOULD have happened?

Intent is unobservable

2. Aggregate Masks Disparities
60% overall looks reasonable
30% gap hidden in average

Simpson's paradox

3. Proxy Variables Conceal
Zip code o Race (95% correlation)
Name o Gender (98% correlation)

School o Socioeconomic status

Real harm:

RNN nannla daniad Aannartinitiac

A
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What IS Bias? Building the Concept from Information Theory

Defining bias mathematically (from zero knowledge):

Human Analogy: Blind Auditions
Symphony orchestras, 1970s-1990s:
Before blind auditions:

5% women in orchestras

Judges could see candidates

Implicit bias affected decisions

After blind auditions:
40% women in orchestras
Screen hides gender

Decisions based on skill only

Removing visibility of protected
attribute changed outcomes

This means:
Decision correlated with
irrelevant attribute = BIAS

Computer/Math Equivalent

Protected attribute A: Race, gender, age, etc.
Decision D: Hire, approve loan, admit, etc.
True qualification Y: Actual merit/ability

Bias exists when decision carries
information about protected attribute:
I(D;A) >0
Where | = mutual information
Expanded form:
I(D; A) = H(D) — H(D|A)
= H(A) — H(A|D)

Intuition:
H(D): Uncertainty in decisions
H(D|A): Uncertainty after seeing group
Difference = information leaked

I(D; A) = 0 means independence

Responsible Al and Ethical Innovation 4 /59



Why Bias Stays Hidden: The Observability Problem

Three reasons discrimination remains invisible:

1. Counterfactuals
Can’t directly observe:

What WOULD have happened
Alternative universe

Fair outcome for comparison

Example:

Person denied loan

Question: “Would they have
been approved if different race?”
Impossible to know!

Mathematics:

Need P(D|A = a, X) and
P(D|A = a’, X) for same X
But can only observe one

A value per person

Causal discrimination
stays hidden

2. Aggregation
Simpson’s Paradox:
Department A:
Men: 80% admit
Women: 85% admit
No bias!
Department B:
Men: 60% admit
Women: 65% admit

No bias!

Combined:
Men: 70% admit
Women: 65% admit
BIAS APPEARS!

Why:
Men apply to easier dept

Responsible Al and Ethical Innovation

3. Proxy Variables
Indirect discrimination:

High correlation:
Zip code o Race (95%)
Name o Gender (98%)
School o Class (92%)

Model never sees A
but uses proxy P

Mathematics:
I(D; A|P) < I(D; A)

But still /(D; A) >0
through indirect path

Example:
Remove “gender” from
hiring algorithm
Still biased via:
Sports: football vs volleyball
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The Measurement Challenge: Capacity Overflow

Information-theoretic analysis of the measurement problem:

The Combinatorial Explosion The Capacity Problem
Step 1: Count protected attributes Measurement bandwidth:
Legally protected in US/EU:

Race: 6 categories Typical fairness audit:

Gender: 3+ categories Sample size: 10,000

Age: 7 bins (decades) Disaggregate by: Race imes Gender

Disability: 2 (yes/no) Subgroups measured: 18

Religion: 10+ categories Capacity: log,(18) = 4.2 bits

National origin: 195 countries

Just these 6: 6 X 3 X 7 X 2 X 10 x 195
= 490,140 subgroups Loss = H — B

=21.2-42
Step 2: Calculate entropy
Shannon entropy of subgroups: = 17.0 bits UNMEASURED
H(Subgroups) = log,(490,140)
= 18.9 bits of discrimination information

Information loss:

Opportunity cost:

217 = 131,072 subgroups
Step 3: Intersectionality with invisible discrimination
Add socioeconomic (5 levels):
490,140 x 5 = 2,450,700 subgroups
H = log,(2,450,700) = 21.2 bits 99.999% of discrimination unmeasured
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Deep Al: Bias Amplification Through Feedback Loops

How ML systems amplify initial bias over time through feedback:

Mathematical Framework
Temporal dynamics of bias:

By = I(Dy; A) =€ >0

Small initial bias €

Feedback mechanism:
System uses past decisions to train:

Diy1 = f(0¢, Xet1)
0¢r1 = train(Dy, ..., Dy)

Bias evolution:
Bi1=B:+a- D

where o > 0 is amplification factor

Exponential growth:
Bi=By-(1+a)
After 10 iterations with @ = 0.15:
Bio = € - (1.15)'° = 4.05¢
4x amplification!

Real-World Examples
1. Predictive Policing

t=0: Historical arrest bias (1.2x)
Algorithm sends more patrols
More arrests in over-policed areas
Reinforces initial bias

t=>5: Bias grows to 3.1x

2. Recommendation Systems
t=0: Slight gender preference (5%)
Users click biased recommendations
System learns from clicks
Recommends more extreme content

t=10: 47% gender segregation

3. Resume Screening
t=0: Small hiring bias (8%)
System trained on past hires

Responsible Al and Ethical Innovation 7 /59



Deep Al: The Intersectionality Explosion Problem

How combining attributes creates exponential measurement challenges:

Combinatorial Explosion
Subgroup growth:

1 attribute (Race, 6 levels):
N; = 6 subgroups
2 attributes (Race imes Gender):
N, =6x3=18
3 attributes (+ Age):
Ny =6x3x7=126
n attributes: )
N, =TT 1A:] = 2°)
i=1

With 6 attributes:

Ne = 490,140 subgroups

For each subgroup, need sufficient power:

2 ‘-

Statistical Power Collapse

Total sample needed:

For 490,140 subgroups:
Niotal = 490,140 x 384
= 188,213,760 samples

Reality:
Typical dataset: 10,000 samples
Measured subgroups: 18 (Race imes Gender)
Coverage: 0.004%

99.996% of intersections unmeasured

Consequence:
Smallest, most vulnerable groups
have zero statistical power

Subgroup size: n = 3 in dataset

Required: n = 384
Responsible Al and Ethical Innovation 8 /59



The Stakes: Real Harm from Invisible Discrimination

Quantifying the human and economic cost of hidden bias:

2024 Al Discrimination Incidents Individual Harm
Case: Detroit facial recognition (2024)

Sector Incidents  People Cost Black man wrongfully arrested
T TR 2 v oy
Criminal Justice 51 890K $1.7B False FR match (12% confidence)
Employment 38 1.2M $1.4B Now: FR banned for sole arrest basis
Total 233 6.2M $10.4B
Case: UK Facewatch (May 2024)
Woman misidentified as shoplifter
2022: 148 incidents (+27% from 2021) Banned from all stores in network
2023: 184 incidents (+24% from 2022) $1,200 settlement
2024: 233 incidents (+27% from 2023) Systemic bias on darker skin (32% error rate vs 1.2%)

Exponential growth: 1.26° .
Systemic Patterns:

Facial recognition: 34x higher error rate for Black

Geographic distribution:
women

North America: 112 (48%)
Resume screening: 1.8x lower callback for non-white
Europe: 78 (33%) names

Asia: 31 (13%) Healthcare algorithms: $2,500 less spent per Black
Responsible Al and Ethical Innovation 9 /59



When Al Goes Wrong: Documented 2024 Cases

Facial Recognition Bias Employment Discrimination
Uber Eats (2024)
Black man wrongfully arrested Driver dismissed by FR system
False facial recognition match Technology failed on darker skin
Police now banned from arrests based solely on FR No human review process
UK Facewatch Case (May 2024)
Woman wrongly ID'd as shoplifter Al tools used for hiring decisions
Banned from all stores in network Women and minorities disadvantaged
System failed on non-white individual Most managers untrained in fair use
Common Pattern: Healthcare Algorithms
Higher error rates on darker skin (34x) $2,500 less spent per Black patient
No human oversight Predict cost, not need
Irreversible consequences Systematic undertreatment
Systemic discrimination Affects millions of patients

Key Insight: These aren’t edge cases — they're systemic failures requiring measurement frameworks to prevent

Responsible Al and Ethical Innovation
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Where Bias Enters: The ML Pipeline and Ethical Lenses

The ML Pipeline

Historical discrimination embedded
Sampling bias (underrepresented groups)
Missing populations
Label bias from human annotators

2. Feature Engineering
Proxy variables (zip code o race)
Correlation artifacts
Human assumptions codified
Redundant encodings

3. Model Training
Optimization bias (accuracy # fairness)
Spurious correlations learned
Overfitting to majority group
Minority group neglect

Context mismatch

Feedback loops

Ethical Frameworks

Focus on outcomes
Maximize benefit, minimize harm
Risk-benefit analysis

Question: Does system increase total welfare?

Deontological

Focus on duties and rights
Respect autonomy
Follow moral rules

Question: Does system respect human dignity?

Virtue Ethics

Focus on character
Cultivate wisdom, fairness
Demonstrate integrity

Question: What would a fair person do?

Focus on relationships

Understand context

Responsible Al and Ethical Innovation
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Stakeholders and Power Asymmetries in Al Systems

Who Has Power?

Tech Companies

® Control system design

® Set defaults and constraints

® Influence policy

® Access to resources
Governments

® Regulatory authority

® Procurement decisions

® Surveillance capabilities

® Enforcement power
Privileged Groups

® Represented in training data

® Cultural norms embedded

® Economic resources

® Political influence

Stakeholders:

® Users (direct interaction)

Who Lacks Power?

End Users

® Limited choice

® Information asymmetry

® No opt-out options

® Captive audiences
Marginalized Groups

® Underrepresented in data

® Higher error rates

® Less recourse

® Compounded discrimination

® Intersectionality amplifies harm
Future Generations

® No voice in current decisions

® Inherit consequences

® Path dependencies lock in bias

¢ Environmental debt

Impact of Power Imbalance:

Responsible Al and Ethical Innovation
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Deep Al: Statistical vs Causal Parity - Two Fairness Paradigms

Understanding the fundamental difference between statistical and causal fairness:

Statistical Parity Causal Parity
Definition: Independence in observed distribution Definition: Counterfactual independence
P(D|A) = P(D) P(Daca|lX,A=a) = P(Dy_|X,A=a)

Observed outcome rates Effect of changing protected attribute
Aggregate group differences Individual-level counterfactuals
Population-level patterns Causal pathways
No causal assumptions needed Requires causal DAG

Example (Loans): Example (Loans):

Group A: 75% approved Same person, change only race:

Group B: 45% approved P(Approvedg, . yhite| X) = 0.80

Statistical parity violated: |0.75 — 0.45| = 30% P(Approvedg, .. piack|X) = 0.55

Causal disparity: [0.80 — 0.55| = 25%

When to use:

Legal compliance (disparate impact) When to use:

. Root cause analysis
No causal graph available Y
L . Intervention design
Descriptive fairness assessment g
Policy evaluation
Responsible Al and Ethical Innovation 13 / 59
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Summary: The Hidden Challenge We Must Solve

What we now understand about the invisible discrimination problem:

The Problem
1. Invisibility:

Discrimination hidden in outcomes
No ground truth counterfactuals
Proxy variables conceal bias
I(D; A) ¢ 0 but unobserved

2. Measurement bottleneck:
490,140 subgroups (6 attributes)
21.2 bits discrimination space
Only 4.2 bits measurable
99.996% unmeasured

3. Amplification:
Feedback loops: B; = By(1 + «)*
Small bias becomes systemic
Exponential growth over time
Reinforces historical patterns

4. Intersectionality:

Exponential subgroup growth

The Stakes
2024 Impact:

233 documented incidents

6.2M people affected

$10.4B in costs

47 countries

56% YoY growth rate
Systemic patterns:

34x error rate (facial recognition)

1.8x callback gap (hiring)

$2,500 healthcare disparity

2.1x false positive (recidivism)
Power imbalances:

Tech companies control design

Marginalized lack voice

Powerless bear harm

Future generations inherit debt

Responsible Al and Ethical Innovation
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The Breakthrough Insight: Disaggregate and Measure

What if we could quantify invisible bias?

Human Observation

How do humans detect unfairness?

We disaggregate:
Compare outcomes between groups
Look for systematic patterns
Calculate rate differences

Test for statistical significance

What if we formalized this?
Partition data by protected attribute
Calculate metrics per group
Compare across groups

Quantify disparities

Fairness Metrics:
Mathematical functions that
make bias visible

Three Measurement Approaches

Data
(mixed, bias hidden)
0

Disaggregation
(by protected attribute)

Metrics
calculate per group
g

Comparison
(bias now visible!)

Three families:
Group fairness: Compare group rates
Individual fairness: Similar o similar

Causal fairness: Counterfactual reasoning

Liiddnn dicmcioninatine hamaoans
Responsible Al and Ethical Innovation
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The First Success: Demographic Parity Makes Bias Visible

Testing the first fairness metric on real loan data:

Demographic Parity Works! Detection Quality

Task: Detect bias in loans Metric performance:

Metric: Demographic parity Detected: 30% disparity (was invisible!)

Result: SUCCESS - bias now visible! . .
Quantified: Exact magnitude

Mathematical Definition: Significance: p j 0.001 (highly significant)

For protected attribute A and decision D: . e
Actionable: Clear target for mitigation

P(D=1|A=a) = P(D =1A=b)
Success metrics:

Approval rates should be independent On 100 known biased datasets:
of group membership Sensitivity: 89% (detects real bias)

H Pt . 0,
Complete Numerical Walkthrough: Specificity: 82% (few false alarms)
Step 1: Partition dataset Correlation with harm: 0.78

Group A: 5,000 applicants Time to compute: j1 second

Group B: 5,000 applicants

Step 2: Count approvals

Group A: 3,750 approved Breakthrough!
Hidden 30% bias now visible
Group B: 2,250 approved Measurable in real-time
Step 3: Calculate rates Deployable at scale

Responsible Al and Ethical Innovation



Deep Al: Comprehensive Fairness Metrics Taxonomy

Complete landscape of fairness formulations (2012-2024):

Group Fairness Individual Fairness
Independence-based: Similarity-based:
P(Y|A=a)=P(Y|A=b) d(i,9) < L-d(x,x;)
Unconditional independence Similar individuals o similar outcomes
Conditional DP Counterfactual Fairness
P(Y|A, X = x) = P(Y|X = x) P(YacalX,A=a) = P(Yy_y|X,A=a)
Within strata Causal intervention

Fairness Through Awareness

Separation-based: Viijd(x,x) <8 = |F(x) — Fix)| < e

P(\A/ —1Y=1,A=2a) = P(V —1y = l’Al\ie%rjc—based similarity

TPR parity Causal Fairness:

Equalized Odds

P(YIY =y, A=a)=P(Y|Y =y, A= b) P(Yacamem,) = P(Yacs mewn,)
TPR + FPR parity Block specific paths

Predictive Equality No Unresolved Discrimination

P(Y=1Y=0,A=a)=P(Y =1]Y = 0,A=A{Yac.|X = x) = P(Ya_|X =x)

FPR paritv onlv Total effect

Responsible Al and Ethical Innovation

Advanced Concepts
Intersectional:

VS € S :|E[Y|S] — E[Y|S]] < @
Calibrated across all subgroups

Multifairness Satisfies metric for all
intersectional subgroups

Dynamic:

tlrgo Bias(t) =0

Feedback loop stability
Fair Ranking
Exposure(A = a) = Exposure(A = b)

Attention allocation
Robustness:

ui(f(xi)) = ui(f(x))

NA nrafaranca far atharve’ +rantmant
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Success Spreads: Equal Opportunity Reveals Different Story

A second metric gives different insights on the same data:

Equal Opportunity Definition
For true label Y = 1 (qualified):

Different Story!
Compare two metrics:

P(D=1Y =1,A=a)=P(D=1]Y =1,A=b) Metric Violation  Verdict
Demographic Parity 30% Severe
Equal Opportunity 4% Mild

Among qualified applicants,
approval rates should be equal

Focus: True Positive Rate (TPR)
Goal: Equal recall across groups

Complete Numerical Walkthrough:
Step 1: Filter to qualified

Group A qualified: 4,000 (80%)

Group B qualified: 2,000 (40%)
Step 2: Count qualified approvals

Group A: 3,600/4,000 approved

Group B: 1,720/2,000 approved
Step 3: Calculate TPR

Tpr, - 290 _

Why different?

DP: Considers all applicants
o Sees 75% vs 45% overall

EO: Considers only qualified
o Sees 90% vs 86% for deserving

Base rates differ:
Group A: 80% qualified
Group B: 40% qualified

Model is fairly accurate!
Most of 30% gap explained
by different qualifications

0.90 = 90%

Responsible Al and Ethical Innovation
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Deep Al: Calibration Theory and Proper Scoring Rules

Mathematical foundations of calibration (Bayes-optimal prediction):

Calibration Definition
A predictor S : X — [0, 1] is calibrated if:

P(Y =1|S(X)=5s)=s
for all s € [0, 1]

Derivation from Bayes theorem:
Bayes optimal predictor:

S*(x) =P(Y =1X =x)
By definition:
P(Y =1|S*(X) =s) = P(Y =1|P(Y = 1|X) = s)

For calibrated S*:

Il
®

Expected Calibration Error:
ECE = E[|P(Y =1|S =) — s]]
Discretized bins:

B
B:
ECE = 7‘, 1811 lacc(B;) — conf(B;)|

Proper Scoring Rules
Brier score:

BS = E[(S(X) — Y)?]
Minimized by $*(x) = P(Y = 1|X = x)

Log-loss (cross-entropy):
L =—E[YlogS(X)+ (1 - Y)log(1 - S(X))]

Also minimized by Bayes optimal

For each group a:
P(Y=1S=s,A=a)=s

Impossibility:
Cannot have group calibration + equal base rates + demographic
parity

Calibration decomposition:

MSE = Refinement + Calibration 4+ Uncertainty
where:

Refinement = quality of probabilistic distinction

Responsible Al and Ethical Innovation 19 / 59



Deep Al: Equalized Odds - Complete Mathematical Derivation

Building equalized odds from fairness axioms:

Axiomatic Derivation
Axiom 1: Error rate parity
Both types of errors should be equal:

False positive rate (FPR)

False negative rate (FNR)
Axiom 2: Conditional independence
Prediction should be independent

of protected attribute A, given
true label Y

Mathematical formulation:
YIA|Y
Expanded form:
For Y =1 (positive class):
P(Y=1Y=1A=a)=P(Y=1]Y =1,A=b)
For Y = 0 (negative class):

P(Y=1Y=0,A=2a)=P(Y =1]Y =0,A = b)

ROC Space Interpretation

Geometric view:

Each classifier is a point in ROC space:
x-axis: FPR

y-axis: TPR
Equalized odds constraint:

Groups must have same (FPR, TPR) point
Distance in ROC space:

d= \/(TPRa — TPRp)? + (FPR, — FPR,)?
Equalized odds: d =0

Constrained optimization:
i 0
min L(0)

st. [TPR, — TPRy| < €1
|FPR, — FPR,| < e,

Lagrangian:
L(6, X1, X2) = L(6)

Responsible Al and Ethical Innovation 20 / 59



But Then... The Impossibility Theorem Emerges

Testing all metrics together reveals catastrophic incompatibility:

The Impossibility Pattern Specific Conflicts

Testing three fairness properties: 1. DP vs Calibration
To achieve DP (75% = 45%):

Must lower A threshold: 0.5 o0 0.6
Must raise B threshold: 0.5 0 0.3

Breaks calibration!

Metric Group A Group B Status

Approval rates

Demographic Parity 75% 45% FAIL -30%

TPR on qualified 2. EO vs Calibration

Equal Opportunity 90% 86% To achieve perfect EO (90% = 90%):
Predicted to Actual Must equalize TPR exactly
Calibration 89% 88% PASS -1% Requires different thresholds
Perfect prediction Breaks calibration!

100% Accuracy - - IMPOSSIBLE

3. DP vs EO

With base rates 80% vs 40%:

| N ‘ DP forces equal outcomes

If base rates differ and calibration holds,

then demographic parity and equal opportunity EO allows different outcomes
CANNOT both be satisfied. Contradictory!

Mathematical proof (simplified):

Calibration: P(Y =1|S =s) =sforall s

Danlis. Claanl
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Deep Al: Chouldechova Impossibility - Complete Proof

Full mathematical proof of calibration-based impossibility:

Theorem Statement

Chouldechova Theorem (2017):

Let S be a risk score, Y the true label, A the protected attribute.
If the following hold:

S is calibrated:
P(Y=1S=s,A=a)=P(Y=1S=s,A=b)=s

Base rates differ: P(Y =1|A=a) # P(Y =1|A=b)
S has non-trivial predictive power

Then at least one of the following must be violated:
Demographic parity: P(S > t|A=a) = P(S > t|A=b)
Equal opportunity:
P(S>tlY=1,A=a)=P(S>tlY=1,A=0Db)

Proof:
Apply law of total probability

P(Y =1|A=a) = /P(Y =1|S=5,A=a)P(5 = s|A = a)ds
Step 2: Use calibration

— /c.P(§:<\A::\H<:F[C\A::]

Proof Continued
Step 4: Base rates differ (assumption 2)

P(Y =1|A=a) # P(Y =1|A=b)
Therefore:
E[S|A = a] # E[S|A = b]

If means differ, distributions differ

P(S|A=a) # P(S|[A=b)
Step 6: Demographic parity violated
For any threshold t:
P(S > tl[A=a)# P(S > t|A=b)
This is demographic parity violation. QED.
Corollary 1: Equal opportunity also violated
By Bayes theorem:
P(S|Y =1,A=a) # P(S|]Y =1,A=b)
Therefore TPR differs.

Responsible Al and Ethical Innovation
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Deep Al: Causal Fairness - Pearl’s Sufficiency Theorems

Causal perspective on fairness impossibility (DAG notation):

Three Causal Criteria

1. Independence (Demographic Parity)
R1 A

Prediction R independent of group A

DAG: No path A — R

2. Separation (Equal Opportunity)

RILA|Y

Given true label Y, R independent of A
DAG: All paths A — R blocked by Y

3. Sufficiency (Calibration)

YL A|IR

Given prediction R, Y independent of A
DAG: All paths A — Y blocked by R

Cannot simultaneously satisfy all three
unless Y 1L A (independence)
or R is perfect predictor.

Causal DAG Analysis

Typical causal structure:

Paths A — R:

A

Direct: A — R (blocked if Independence)
Mediated: A — X — R
Collider: A— Y +— X = R

Proof sketch:

RLA

Then: P(R|A = a) = P(R|A=b)
Assume Sufficiency: Y L A|R

Then: P(Y|R,A=a) =

P(Y|R,A = b)

By law of total probability:

P(YIA = a)

Responsible Al and Ethical Innovation
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The Diagnosis: What Metrics Captured vs What They Missed

Understanding the root cause of impossibility:
What Metrics Captured
Successfully measured:
1. Group-level disparities
Rate differences: 75% vs 45%
TPR differences: 90% vs 86%
FPR differences: 8% vs 14%

Statistical significance

2. Prediction errors
False positives per group
False negatives per group
Calibration accuracy

Overall accuracy

3. Correlation patterns
1(D; A) = 0.21 bits
Protected attribute leakage

Proxy variable influence

What Metrics Missed
Failed to capture:

1. Base rate causation
Why 80% vs 40% qualified?
Historical discrimination?
Structural barriers?

Measurement bias in “qualified”?

2. Causal structure
Direct discrimination: A — D
Mediated bias: A — X — D
Spurious correlation: A+ C — D

Counterfactuals: What if A different?

3. Normative values
Which fairness definition is “right”?
Who bears cost of errors?

What are stakeholder preferences?

Responsible Al and Ethical Innovation
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The Measurement Dilemma: Five Real Scenarios

When metrics conflict, values must decide:
Scenario 1: University Admissions
Metrics conflict:
DP: Equal admit rates o representation
EO: Equal TPR for qualified o merit
Calibration: Predict success o outcomes
Stakeholder preferences:
Diversity office: Wants DP (representation)
Faculty: Wants EO (merit-based)

Administration: Wants calibration (graduation rates)

Scenario 2: Criminal Justice
Recidivism prediction:

DP: Equal risk scores o equal treatment

EO: Equal TPR o catch actual recidivists

Calibration: Accurate risk o resource allocation
Stakes:

Public safety vs individual liberty

False positives harm innocents

Scenario 3: Healthcare Triage
Resource allocation:

DP: Equal treatment rates per group
Individual fairness: Sickest treated first
Utilitarian: Maximize QALYs saved
Ethical frameworks disagree!
Scenario 4: Employment
Hiring algorithm:
DP: Equal hiring rates (diversity goals)
EO: Equal callback for qualified (merit)

Business: Maximize productivity

Scenario 5: Credit/Lending
Loan approvals:

DP: Equal approval rates (anti-discrimination)
Calibration: Accurate default prediction (profit)
EO: Equal approval for creditworthy (fairness)

Reculatorv conflict:
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Bias Mitigation: Three-Stage Approach

How to reduce fairness violations in practice:

Pre-processing
Data transformations:

Adjust sample weights

Balance groups

Preserve individuals
Resampling

Oversample minorities

Undersample majorities

SMOTE synthetic data
Fair Representations

Learn fair latent space

Remove A information

Preserve utility

Pros: Model-agnostic
Cons: May lose information

In-processing
Constrained optimization:

mein L(0) — AF(0)

Where F = fairness constraint
Adversarial Debiasing

Predictor P: Predict Y

Adversary A: Predict A from P

Train: minp maxa Lp — ALy
Fairness-aware Learning

Add fairness to loss

Regularization term

Multi-objective optimization

Pros: Fine-grained control
Cons: Requires model modification

Post-processing
Threshold optimization:

Separate 7,5, Tp
Satisfy DP or EO
Easy to implement
Calibration
Platt scaling per group
Isotonic regression
Beta calibration
Reject Option Classification
Uncertain region

Favor disadvantaged

Around decision boundary

Pros: Model-agnostic, reversible
Cons: Treats symptoms, not causes

r Wi bncicht: Thean miticatinn ctamac (nva /in /nact nvacaccine) Anch o

Responsible Al and Ethical Innovation
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Summary: Measurement Makes Visible, But Reveals Fundamental Trade-offs

What we now understand about fairness metrics:

The Success
Metrics work:

DP detected 30% hidden bias
EO revealed 4% on qualified
Calibration showed 1% accuracy
All statistically significant
Computable in j1 second

20+ metrics available:
Group fairness (DP, EO, EqOdds, Calibration)
Individual fairness (Lipschitz, counterfactual)
Causal fairness (path-specific, NUD)
Intersectional (multicalibration)
Dynamic (long-term, ranking)

Three mitigation stages:
Pre-processing: Data transformation
In-processing: Constrained optimization

Post-processing: Threshold tuning

The Impossibility
Fundamental limits:

Cannot satisfy DP + EO + Calibration
Chouldechova: Calibration + base rates o no DP/EO
Pearl: 3 causal independences overconstrain
Geometric: Different ROC curves per group

No universal fairness metric

What metrics miss:

Causation (why base rates differ?)
Normative values (which metric is “right”?)
Stakeholder preferences (who decides?)

Context (domain-specific trade-offs)

Real dilemmas:

University admissions: Merit vs diversity
Criminal justice: Safety vs liberty
Healthcare: Equality vs efficiency
Employment: Legal vs business

| endine: Resulation vs profit

Responsible Al and Ethical Innovation
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How Do YOU Choose When Mathematics Says “No Perfect Solution”?

Before diving into math, let’s think like humans:

The Hiring Scenario Your Decision Trade-offs
You're hiring for 100 positions. If you choose Demographic Parity:

Two equally-sized applicant pools:

Group A: 80% qualified

Group B: 40% qualified

Your Al model predicts:
Group A: 75% approved
Group B: 45% approved

Is this fair? Why or why not?

Question 2:
If you had to choose ONE metric
to optimize, which would you pick?

Demographic parity (equal rates)
Equal opportunity (equal TPR)

Calibration (accurate predictions)

Question 3:

Equal 60% approval for both
Underpredict Group A (should be 75%)
Overpredict Group B (should be 45%)
Accuracy drops from 85% to 72%

Bias drops from 30% to 0%

If you choose Equal Opportunity:

Among qualified: 90% approval both
Different overall rates OK
Respects merit

Accuracy stays 85%

If you choose Calibration:

Predictions match reality

Business-optimal

Responsible Al and Ethical Innovation
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The Geometric Hypothesis: What If We Could SEE Fairness?

Before learning ROC math, let’s hypothesize visually:

The Spatial Intuition
Hypothesis: If fairness is about
error rates (TPR, FPR), maybe we
can plot them in 2D space?
Imagine a chart where:
x-axis = False Positive Rate
y-axis = True Positive Rate
Each group = a point (FPR, TPR)

Fairness = distance between points?

If this works, we should see:
Fair models: Points close together
Biased models: Points far apart
Trade-offs: Movement along curves

Optimization: Path toward fairness

Test case:
Our loan data (from Slide 2.2):

Why This Hypothesis Matters
Geometric view offers:

Spatial relationships visible
Trade-offs = movement

Impossible = geometric constraint

2. Measurement
Distance = fairness violation
Quantifiable, not subjective

Comparable across models

3. Optimization
Target = move toward equal point
Constraints = allowed movements

Path = optimization trajectory
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Zero-Jargon Explanation: The ROC Space (No Technical Background Needed)

ROC space explained like you're learning for the first time:

What ROC Space Is (Plain English)

Imagine a simple chart:

“How often do we WRONGLY say YES?"
(False Positive Rate, FPR)
Example: Loan approved for unqualified person

Vertical (y-axis):

“How often do we CORRECTLY say YES?"
(True Positive Rate, TPR)

Example: Loan approved for qualified person

Every ML model is a single point:

x-coordinate = How many mistakes (approving bad loans)

y-coordinate = How many successes (approving good loans)

What we want:
High y (catch qualified people) = GOOD
Low x (avoid unqualified) = GOOD
Perfect model: (0, 100) top-left corner

Randam ouessing: Diaoanal line

Why This Helps Fairness
For fair ML:

Step 1: Plot Group A at (FPRa, TPRy)
Our data: Group A = (8%, 90%)
Meaning: 8% false alarms, 90% catch rate

Step 2: Plot Group B at (FPRg, TPRg)
Our data: Group B = (14%, 86%)

Meaning: 14% false alarms, 86% catch rate

Step 3: Measure distance

d=/(14 - 8)* + (86 — 90)?
=36+ 16 = V52 =7.2%

7.2% fairness gap visible in ROC space!

Perfect fairness: d = 0 (same point)
Our model: d = 7.2% (moderate bias)
Severe bias: d ; 20%

Responsible Al and Ethical Innovation
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From 2D to High-Dimensional: The Complete Geometric View

Extending spatial fairness to multiple groups and metrics:

2D Case (What We Just Learned)
Two groups, one metric:
Space: (x,y) = (FPR, TPR)
Points:
pa = (8,90) for Group A
pg = (14, 86) for Group B

Distance:

d= \/(XB —xa)2 + (v8 — ya)?
=7.2%

With 3 groups (A, B, C):
PA, PB, Pc in same 2D space
3 pairwise distances: dag, dac, dec
Fairness = all distances small

Max distance = worst violation

Extension 2: Multiple Metrics
With n metrics (TPR, FPR, PPV, NPV, ...):

Space becomes n-dimensional

Responsible Al and Ethical Innovation

High-D Fairness Geometry
Complete formulation:

Metric vector for group g:

TPR,
FPR,
PPV,

Me = [ NPV,

Fairness violation:

F = max||mg — m,/||2
8.8’

Metrics: (TPR, FPR, PPV, NPV)
Group A: (90, 8,92, 88)

Group B: (86, 14, 85, 82)
Distance:

d = /(90 — 86)% + (8 — 14)?

\ fan  or)\2 | (oo on\2

31 /59



The Optimization Framework: Making Trade-offs Explicit

Mathematical formulation of human trade-off reasoning:

The Human Intuition (from Slide 1) The Lagrangian Method

You said: “I'd accept 10% accuracy General constrained optimization:
loss for 80% bias reduction”

min £(0)
This means: b o ) <o
subject to

Primary goal: Reduce bias 4ol 8(0) =
Constraint: Accuracy can't drop too much Lagrangian formulation:

Trade-off parameter: How much accuracy per bias unit?
L(6,A) = f(6) + X - g(6)

Find: VoL =0
Maximize: Fairness
Subject to: Accuracy > «
OR equivalently: Minimize:
Maximize: Acc — X - Bias L(6, ) = —Acc(f) + X - Bias()
where A = trade-off weight where:

The parameter \: 0 = model parameters

A = 0: Only care about accuracy Acc(0) = overall accuracy
A = co: Only care about fairness Bias(6) = fairness violation (e.g., DP gap)
A = 0.3: Balanced (our example!) A = penalty weight

Internretation:
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Complete Numerical Walkthrough: Solving the Lagrangian

Step-by-step optimization with actual numbers:

Setup: Our Loan Problem
Initial model (biased):

Accuracy: 85%
DP violation: 30% (75% vs 45%)
EO violation: 6.3% (90% vs 86%)

Lagrangian:

L(0,X) = (1 — Acc) + X - |DP violation|

Choose A\ = 0.3:
Meaning: 1% bias = 0.3% accuracy penalty

Step 1: Evaluate initial model

L(6,0.3) = (1 — 0.85) + 0.3 x 0.30
=0.15 + 0.09 = 0.24

Step 2: Gradient descent

Compute: VoL = VyAcc+ 0.3V4DP
Update: 011 = 0: — nVel

(Learning rate 7 = 0.01, 100 iterations)

Results After Optimization
Final model (fair):

Accuracy: 82.3% (-2.7%)
DP violation: 4.8% (-84%)
EO violation: 2.1% (-67%)

Step 3: Verify improvement

L(Bfinat; 0.3) = (1 — 0.823) + 0.3 x 0.048
=0.177 + 0.014 = 0.191
Improvement: 0.24 — 0.191 (-20% loss reduction!)

Metric Change
Accuracy 2.7%
DP bias -25.2% (84% reduction)
EO bias -4.2% (67% reduction)
ROI 9.3x bias per accuracy

Gave up 2.7% accuracy

A A0/ 1t

Responsible Al and Ethlcal Innovatlon
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Deep Al: Adversarial Debiasing - GAN-Based Fairness

Using adversarial networks to remove protected attribute information:

Architecture
Two neural networks competing:

Input: Features X
Output: Prediction Y
Goal: Maximize accuracy

Minimize: Lp = —Acc

Adversary Ay:
Input: Predictor’s hidden layer h
Output: Protected attribute A
Goal: Infer protected attribute
Minimize: Ly = —Acc(A, A)

Minimax game:

moin max Lp(0) — ALa(®, 0)

Training Algorithm
Alternating optimization:
Step 1: Train adversary (fix 0)
btr1 = ¢t —nVela

Step 2: Train predictor (fix ¢)
Ory1 = 0: —nVe(Lp — ALa)

Convergence: Nash equilibrium
At convergence:
P(Alh) = P(A)

(independence achieved!)

Adult dataset: 89% accuracy, 2.1% DP
COMPAS: 71% accuracy, 3.4% EO
Medical: 84% accuracy, 1.8% calibration gap

Hyperparameters:
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Deep Al: Reweighing Theory - Statistical Parity Through Sample Weights

Achieving fairness by reweighting training data:

Theoretical Foundation
Goal: Make (Y, Y) L A in weighted data

For each example (x;, yj, a):

P(A = aj, Y = y;)
P(A=a))P(Y =y;)

wi =

Why this works:

Original distribution: P(X, Y, A)
Weighted distribution: P’(X, Y, A)
After reweighing:

P'(Y,A) = P(Y)P(A)

(Statistical independence!)
Proof sketch:
P(Y=y,A=a)= Z willy; =y, a; = a]

-~ 7aY7y) v
ZﬁP(Afa,,ny,)

Practical Implementation
Step 1: Estimate joint probabilities
Count:

N(A = a, Y =y) for each (a, y)
N(A = a) for each a
N(Y = y) for each y

Step 2: Calculate weights

_ NA=a, Y =y)/N
T (N(A = a)/N) - (N(Y = y)/N)

Example (our loan data):

Group Y =1 weight Y = 0 weight

A 0.83 1.67
B 1.67 0.83

Result after reweighing:
DP violation: 30% o 0.8%
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Deep Al: Threshold Optimization - Equalized Odds via ROC

Achieving equalized odds by finding optimal per-group thresholds:

Problem Formulation

Given: Probabilistic classifier s(x) € [0, 1]

Find: Thresholds 7,, 75 such that:
TPR(7,) = TPR(7s)
FPR(7.) = FPR(75)

max Acc(7a, Tb)
TaiTh

s.t. |TPR(7,) — TPR(7p)| < €
|FPR(72) — FPR(7p)| < €

ROC interpretation:
Each threshold 7 maps to point on ROC curve
Find (75, 7) mapping to same ROC point!
Algorithm:
Compute ROC curves for each group
Find intersection or nearest points

Set thresholds to achieve those points

Numerical Example

Our loan data:

Group A ROC: Smooth curve through
(0,0.5), (0.08,0.90), (0.25,0.98), (1,1)
Group B ROC: Smooth curve through
(0,0.4), (0.14, 0.86), (0.30, 0.94), (1, 1)

Target: (0.11,0.88) (midpoint)

Solution:
T, = 0.52 achieves (0.11,0.88)
7 = 0.45 achieves (0.11,0.88)

Results:

Metric Before After
EO violation 4% 0%

DP violation 30% 12%
Accuracy 85% 84%

Perfect EO achieved!

Responsible Al and Ethical Innovation
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Deep Al: Fair Representation Learning - Latent Space Fairness

Learning representations that provably cannot encode protected attributes:
Theoretical Framework Practical Implementation
Goal: Find mapping ¢ : X — Z where Z L A Architecture:
Encoder: 3-layer MLP (input o 128 o 64 o 32)
Encoder: gg(z|x) Latent dim: z € R%?

Decoder: py,(x|z)

D : i 2 4 0 12
Adversary: g, (a2) ecoder: Symmetric (32 o 64 o 128 o output)

Adversary: 2-layer (32 0 16 o |A|)
Loss function:

L = —E[log py (x|2)] Training procedure:
reconstruction Fix 6,1, optimize ¢ (adversary)

+ BKL(qe(z]x)| ‘P(Z)')/ Fix ¢, optimize 6,1 (encoder/decoder)
regularization Repeat until convergence

— AE[log g4 (a|2)]
—_—

fairness
Metric Raw Fair Rep
Why this works: N . Accuracy 85.2%  83.1%
The —X term penalizes the adversary's ability to predict a from z o o o
At convergence: (Z; A) = 0 DP violation 28% 1.2%
gence: e 1(Z; A) 0.87 bits  0.03 bits

Information-theoretic guarantee:

Responsible Al and Ethical Innovation
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Deep Al: Uncertainty Quantification - Confidence Intervals for Fairness

Statistical guarantees on fairness metric estimates:

The Problem
Fairness metrics have uncertainty!

Sample estimate:
DP = |4 — fs| = 4.8%

But what's the true value?

1. Resample dataset B = 1000 times
2. Compute DPy, for each
3. Calculate percentiles

Result:
DP € [3.2%, 6.4%)] (95% ClI)

Gaussian approximation:
For large n:
DP ~ N(DP, &% /n)

Standard error:

- \/ﬁA(l — ) | Ps(1— ps)

na npg

Decision Under Uncertainty

Example: Legal compliance

Regulation: DP violation < 5%

Model A:

Model B:

DP, = 4.8% + 1.6%
Cl: [3.2%, 6.4%]
Upper bound: 6.4% ; 5% o FAIL

DPs = 3.1% + 0.9%
Cl: [2.2%, 4.0%]

Upper bound: 4.0% j 5% o PASS

Hy: DP violation = 0
H;: DP violation ; 0
Test statistic:

p-value = P(T > t)

Responsible Al and Ethical Innovation
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Deep Al: Pareto Frontier - Visualizing All Optimal Trade-offs

Mapping the complete space of fairness-accuracy compromises:
Our Loan Example Frontier

Pareto Optimality Theory
Grid search results:

Definition: A model is Pareto optimal if no other model improves
one metric without worsening another
A Acc DP viol

0 85.0% 30.0%
0.01 84.8% 28.1%
Acc(8) > Acc(6%) 003 843%  224%

. . « 0.1 83.5% 12.8%

76 : < Fairness(6) > Fairness(9*) 03 82.3% 4.8%
1 79.1% 1.2%
3 74.2% 0.3%
10 68.5% 0.0%

Model 6* is Pareto optimal if:

(at least one strict)

Pareto frontier: Set of all Pareto optimal models
Characterization theorem:
For convex objectives, Pareto frontier = solutions to:
Sweet spot: A € [0.1,0.3]
min —Acc(0) + X - (—Fairness(0)) L
0 Diminishing returns beyond A =1

for all A € [0, o) Perfect fairness costs 16.5% accuracy

Implication: ..
P Decision rule:

: . - '
Sweeping A traces out entire frontier! Maximum acceptable accuracy loss: 5%
. . — Choose A =0.3:
Grid search: Acc = 82 3% (onlv -2 7%)
39 /59

Responsible Al and Ethical Innovation



MEFOLLU~NOGOUa,WIVMVFOLONOUSOWLUVMFEFOLUONOGU SWNE

Production Code: Fairlearn in 30 Lines

Complete implementation of Lagrangian fairness opti

# Fairlearn: Grid search over lambda

from fairlearn.reductions import (
ExponentiatedGradient ,
DemographicParity

)

from sklearn.linear_model import (
LogisticRegression

)

# 1. Load data (10,000 loan applications)
X, y, A = load_loan_data()

# 2. Base classifier
base = LogisticRegression(max_iter=1000)

# 3. Fairness constraint (DP < epsilon)
constraint = DemographicParity (

difference_bound=0.05 # 57 tolerance
)

# 4. Ezponentiated Gradient optimization
# This sweeps lambda automatically!
mitigator = ExponentiatedGradient (
estimator=base,
constraints=constraint,
eps=0.01 # convergence tolerance

)

# 5. Fit with protected attribute
mitigator.fit(X, y, sensitive_features=A)

# 6. Predict

Line-by-Line Explanation
Lines 2-7: Import Fairlearn tools

ExponentiatedGradient: Lagrangian solver

DemographicParity: DP constraint

Lines 10-12: Data and base model
Standard sklearn classifier

Any model works!

Lines 15-18: Fairness constraint
difference_bound=0.05: Max 5% DP gap

This sets € in optimization

Lines 21-26: Core algorithm
ExponentiatedGradient does \-sweep
Finds Pareto optimal point

eps=0.01: Convergence tolerance

Lines 29: Training

Responsible Al and Ethical Innovation
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BEAT #8: Experimental Validation - Before/After Comparison

Controlled experiment validates our optimization approach:

Experimental Design Results (Test Set)
Dataset: 10,000 loan applications
Train: 7,000 — Test: 3,000 Metric Control  Treatment  p-value
Accuracy Metrics
o . Accuracy 85.0% 82.3% j0.001
Standard LogisticRegression F1 Score 0.83 0.81 {0.001
No fairness constraints Fairness Metrics
Maximize accuracy only DP viol 30.0% 4.8% j0.001
EO viol 6.3% 2.1% j0.001
li 2.19 .99 .
Treatment: Calib gap % 0.9% 0.03
. . . Business Metrics
Fairlearn ExponentiatedGradient User sat 7.2/10 7.8/10 0.04
DemographicParity(bound=0.05) Revenue/user  $12.50 $12.20 0.18
A auto-tuned to 0.3
Key Findings:

Metri :
etrics measured DP: 30% o 4.8% (84% reduction, pi0.001)

EO: 6.3% o 2.1% (67% reduction, pj0.001)
Accuracy: 85% o 82.3% (3.2% cost, pj0.001)
User satisfaction IMPROVED (+0.6, p=0.04)

Revenue not significantlv affected (p=0.18)
Responsible Al and Ethical Innovation

Accuracy (primary business)
DP violation (legal compliance)
EO violation (merit fairness)

Calibration gap (prediction quality)
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Production Toolkits: Comparing Fairlearn, AIF360, What-If

Three major fairness libraries for production deployment:

Fairlearn (Microsoft) AIF360 (IBM) What-If Tool (Google)
Focus: Sklearn integration Focus: Comprehensive suite Focus: Visual exploration
Strengths: Strengths: Strengths:
sklearn-style API 70+ fairness metrics Interactive dashboard
3 mitigation methods 10+ mitigation algorithms No-code exploration
20+ fairness metrics Pre-, in-, post-processing Counterfactual analysis
Grid search built-in Explainability tools TensorBoard integration
Active development Extensive documentation Real-time visualization
Python ML pipelines Research comparisons Model debugging
Post-processing Complex pipelines Stakeholder demos
Rapid prototyping Deep customization Hypothesis testing
Example: Example: Example:
from fairlearn.reductions from aif360.algorithms from witwidget.notebook
import ExponentiatedGradient import Reweighing import WitWidget
mitigator.fit (X, y, rw = Reweighing( WitWidget (
sensitive_features=A) unprivileged_groups , config_builder,
privileged_groups) height=800)
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Explainability: SHAP and LIME for Fairness Auditing

Understanding which features drive unfair predictions:

SHAP (SHapley Additive exPlanations)

Theory: Game-theoretic feature attribution

b= >

SCN\{i}
x[f(su{i}) - (5]

Marginal contribution averaged over all coalitions

[N]!

Properties:
Efficiency: >, ¢ = f(x) — f(0)
Symmetry: Equal features o equal values
Dummy: No impact o ¢; =0

Additivity: Consistent across models

For fairness:
Compare SHAP values across groups:

i = 18] — o7

Large Ad; for protected /i o bias!

[SI'(NT — [S] = 1)!

LIME (Local Interpretable Model-agnostic

Explanations)
Theory: Local linear approximation

1. Generate perturbations: x|, ..., x, ~ N(x, o?)
2. Get predictions: y/ = f(x)
3. Fit local linear model:

g(<')=Bo+ > Bix
i
weighted by 7(x’, x) = exp(—||x" — x|[*/o?)
Coefficients 3; = feature importance

For fairness:
Compare f3; distributions across groups:

2A 2B
AR
SE

Significant t o feature drives disparity

Example code:

Responsible Al and Ethical Innovation

43 / 59



Summary: The Mathematical Breakthrough Complete

What we now understand about fairness optimization:

The Journey
Human o Math o Solution:

Beat #4: Human introspection (trade-offs)

Beat #5: Geometric hypothesis (ROC space)
Beat #6: Zero-jargon explanation (plain English)
Beat #7: 2Dohigh-D intuition (Euclidean)

Beat #8: Experimental validation (before/after)

Mathematical tools:
Lagrangian optimization (A = 0.3)
-2.7% accuracy for -84% bias
9.3x ROI quantified
Adversarial debiasing (GAN fairness)
Reweighing (statistical parity)
Threshold optimization (equalized odds)

The Impact
From Part 1 (invisible):

21.2 bits unmeasurable
I(D; A) > 0 hidden
233 incidents, $10.4B cost

Through Part 2 (measured):
DP: 30% violation detected
EO: 4% violation shown

Impossibility theorem proven

To Part 3 (optimized):
A makes values explicit
Trade-offs quantified (9.3x)
30-line Fairlearn code works

Production-ready tools available

Breakthrough achieved!
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The Complete Production Fairness Architecture

Four-layer system for ethical Al in production:

Layer 1: Detection

Components:
Disaggregated metrics
Statistical tests
Drift detection
Tools:
Fairlearn MetricFrame
AIF360 metrics (70+)
Custom dashboards
Output: Bias reports, violation alerts
Time: Real-time monitoring

Layer 2: Optimization

Components:
Lagrangian optimization
Threshold tuning
Reweighing

Tools:

Layer 3: Explainability

Components:
SHAP values
Counterfactual explanations
Feature importance

Tools:
SHAP, LIME
What-If Tool

Fairlearn dashboards

Qutput: Per-decision explanations, model cards

Time: Inference + documentation
Layer 4: Monitoring

Components:
Continuous auditing
Performance tracking
Incident response

Tools:

Responsible Al and Ethical Innovation
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Modern Fairness Tools (2024-2025)

Three major platforms with production deployment:

Microsoft Fairlearn
Best for: Azure ML,
sklearn integration

MetricFrame

40+ metrics

Drift detection
Optimization:

ExponentiatedGradient

GridSearch

ThresholdOptimizer
Explainability:

Interactive dashboards

Trade-off plots

Model comparison

A/B testing

IBM AIF360
Best for: Research,
comprehensive metrics

70+ bias metrics

Intersectional analysis
Optimization:

104 mitigation algorithms

Prejudice remover

Adversarial debiasing

Calibrated eq. odds
Explainability:

Contrastive explanations

Prototypes/criticisms

Benchmark datasets

Compliance reporting

Google What-If Tool
Best for: Interactive
exploration, TensorFlow

Visual exploration

Slice-based analysis

Performance gaps
Optimization:

Interactive threshold tuning

Real-time adjustment
Explainability:

Individual counterfactuals

Feature attribution

SHAP integration

TensorBoard integration

Dataset comparison
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Four Transferable Lessons Beyond Al Fairness

Universal principles across domains:

Lesson 1: Invisible o Measurable

Principle: Can’t manage what you can't measure
Al Fairness: I(D; A), DP, EO metrics

Transfers to:

Climate: Carbon accounting, GHG metrics
Inequality: Gini coefficient, wealth gaps
Health: Life expectancy by demographics
Education: Achievement gaps

Organizations: Pay equity audits

Lesson 2: Multiple Metrics o Trade-offs
Principle: No single metric captures full picture
Al Fairness: DP vs EO vs calibration impossibility
Transfers to:

Policy: Efficiency vs equity vs sustainability
Business: Profit vs growth vs risk
Engineering: Speed vs quality vs cost
Healthcare: Individual vs population

Security: Privacy vs surveillance

Lesson 3: Math Constrains, Values Choose

Principle: Mathematics reveals what's possible, humans choose
what matters

Al Fairness: Impossibility 4+ stakeholder values o A

Transfers to:

Resource allocation: Pareto efficiency + priorities
Risk management: VaR limits + risk appetite
Urban planning: Capacity + community goals
Budgeting: Financial limits + strategy

Triage: Medical capacity + ethics

Lesson 4: Optimization Makes Explicit

Principle: Implicit choices create hidden bias, explicit
optimization creates accountability

Al Fairness: Lagrangian L(0, \) makes X visible
Transfers to:

Government: Transparent policy trade-offs
Finance: Explicit risk-return preferences
Procurement: Multi-objective criteria

Design: User needs vs constraints
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Deep Al: Continuous Fairness Monitoring in Production

Automated drift detection and alerting systems:

Monitoring Framework
Statistical drift detection:

For each fairness metric m and group g:
mg,+ = metricg (predictions,)

Track over time windows: 1 hour, 1 day, 1 week
2. Drift Score
D; = max |mg.: — mg/7t| — |mgo — mgr g
g.8
Measures change from baseline

3. Statistical Tests
Kolmogorov-Smirnov: Distribution shift
Chi-square: Rate changes

Sequential probability ratio test

Alert if D; > € or p-value < 0.05

Implementation Example
Production monitoring pipeline:

Real-time metrics (every 1000 predictions):
DP violation: Windowed average
EO violation: Per-group TPR/FPR
Calibration error: ECE per group

Alert conditions:

Condition Action

D: > 5% Warning email
D; > 10% Page on-call

D: > 20% Auto-rollback
p i 0.01 Incident report

Case study (2024):
Financial services ML system

Detected: 12% DP drift at day 14

Root cause: Training data staleness

Responsible Al and Ethical Innovation
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Deep Al: A/B Testing Fairness Interventions

Rigorous experimental validation of fairness improvements:

Experimental Design
Setup:
Existing biased model
Accuracy: 85%
DP violation: 30%
EO violation: 6.3%

Treatment (B): Fair model (A = 0.3)
Accuracy: 82.3%
DP violation: 4.8%
EO violation: 2.1%

Randomization:
50% traffic to A, 50% to B
Stratified by protected attribute

2-week duration, 100K users

Metrics:

Statistical Analysis
Hypothesis testing:

HUZDPB—DPAIO
H; : DPg — DP4 < 0

Results (actual numbers):

Metric A B p-value
DP violation 30% 4.8% j0.001
EO violation 6.3% 2.1% j0.001
Accuracy 85% 82.3% j0.001
User satisfaction 7.2 7.4 0.04
Revenue/user $12.50  $12.20 0.18

Decision: SHIP Treatment B
Rationale:

Massive fairness improvement (84% DP reduction)
Minimal accuracy cost (-2.7%)
User satisfaction UP (+0.2)

Ravaniia imnarct nat cianificant
Responsible Al and Ethical Innovation
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Deep Al: The Complete Production Fairness Stack

End-to-end system architecture for ethical Al:

Stack Layers (Bottom to Top)

Disaggregated storage (by protected attribute)
Versioning and lineage tracking
Privacy-preserving joins

Real-time streaming pipelines

Layer 2: Training Pipeline
Fairness-constrained optimization
Automated hyperparameter search (\)
Multi-objective validation

Model versioning (MLflow)

Layer 3: Serving Infrastructure
Low-latency prediction (j50ms)
Per-group threshold application
Explanation generation (SHAP)
Logging all predictions + features

Technology Stack (2024-2025)
Data:

Storage: Snowflake, BigQuery (column-level access)
Streaming: Kafka, Flink
Feature store: Feast, Tecton
Training:
ML framework: PyTorch, TensorFlow
Fairness: Fairlearn, AIF360
Experiment tracking: MLflow, Weights & Biases
Orchestration: Kubeflow, Airflow
Serving:
Inference: TensorFlow Serving, Seldon
API gateway: Kong, Envoy
Explanation: SHAP, Captum
Monitoring:
Metrics: Prometheus, Grafana
Logs: ELK stack, Splunk
Alerts: PagerDuty, Opsgenie

Responsible Al and Ethical Innovation 50 / 59



The Complete Journey: From Hidden to Visible to Optimized

Synthesizing Parts 1-4:
Part 1: The Hidden Challenge

Invisible discrimination (I(D; A) ¢ 0)

21.2 bits unmeasurable (Shannon entropy)
Bias amplification: B; = By(1 + )"
Intersectionality explosion: 490,140 subgroups
233 incidents, $10.4B, 6.2M people (2024)

Part 2: First Solutions & Impossibility

SUCCESS: DP detects 30% bias

SUCCESS: EO shows 4% on qualified

FAILURE: Impossibility theorem (Chouldechova)
20+ metrics, all with trade-offs

Can't have DP + EO + Calibration

Part 3: Mathematical Breakthrough

® Human introspection o trade-off intuition

® Geometric view: ROC space, 7.2% distance

® Lagrangian: L = Loss 4+ \ - Fairness

® X =0.3: -2.7% accuracy, -84% bias (9.3x ROI)

® Adversarial debiasing, reweighing, thresholds

Part 4: Production & Synthesis

® 4-layer architecture: Detect/Optimize/Explain/Monitor

® Modern tools: Fairlearn, AIF360, What-If

® Continuous monitoring (drift detection)
® A/B testing (pj0.001 validation)

® Complete production stack

® 4 transferable lessons

Responsible Al and Ethical Innovation
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Final Summary: You Can Now Build Fair Al Systems

What you can do after this week:

Technical Skills
You understand:

Information theory (I(D; A), Shannon entropy)
Fairness metrics (DP, EO, Calibration)
Impossibility theorems (Chouldechova, Pearl)
Geometric fairness (ROC space, Euclidean distance)
Optimization (Lagrangian, A selection)

Mitigation (adversarial, reweighing, thresholds)

Production (4-layer architecture)

You can implement:
30-line Fairlearn code
Fairness dashboards
A/B testing protocols
Continuous monitoring

Complete production stack

Strategic Insights
You know:

Hidden bias causes real harm ($10.4B, 6.2M people)
Measurement makes invisible visible (30% o 7.2%)
Trade-offs are fundamental (impossibility proven)
Optimization quantifies choices (A = 0.3 0 9.3x)

Production requires systems (not just algorithms)

Transferable lessons:
Invisible 0 Measurable (metrics framework)
Multiple metrics o Trade-offs (no silver bullet)
Math constrains, values choose (A from stakeholders)

Optimization makes explicit (accountability)

YOU ARE READY
Build ethical Al systems
with mathematical rigor

and production excellence
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When to Use Which Fairness Intervention: Judgment Criteria

When to Use Which Fairness Intervention: Decision Framework

Where can you intervene?

FIX THE DATA FIX THE TRAINING

Model traifing control Deployad model
Noret

Historical isparities
‘Algorithm hodification

GPU Wi
POST-PROCESSING

‘Threshold optimization
Caliraton adjustment
Fastost to doploy
Most accuracy loss

Additional Considerations

Intervention Stage: Have data access - Pre-processing; Model training = In-processing; Deployed model ~ Post-processing

\ccuracy Trade-off: Mininize loss = Pre-processing (best); Balance ~ In-processing; Accept loss = Post-processint
Fairness Definition: Demographic parity = Pre-processing; Equal opportunity = In-processing; Equalized odds - Post-processing
Computational Cost: Linited compute - Pre-processing (once); GPU available ~ In-processing; Inference only = Post-processing

ronsparency: Need audit trail - bre processing (data canges visible): Black box 0K~ In/post.processing
a2 scientists

(Principle: Fix bias at possible - p preferred, p ing as last resort]
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Appendix A: Information Theory - Complete Derivations

Formal proofs for bias as mutual information:

Theorem 1: Mutual Information as Bias
Statement: Bias exists iff /(D; A) > 0

Proof:
Define mutual information:
P(d, a)
I(D; A) = P(d, a)log ———
(DiA) =3 P(d: 3) og pgcs
,a

Equivalently:
I(D; A) = H(D) — H(D|A)
= H(A) — H(A|D)
where H(X) = — > P(x) log P(x)

If D L A (no bias), then:
P(D,A) = P(D)P(A)
Therefore:

I(D; Ay = > P(d)P(a) log PlAP(a) _

o~ P(d)P(a)

Theorem 2: Measurement Capacity

Statement: Measuring k of n attributes loses log,(n) — log,(k)

bits
Proof:
Full discrimination space:
Hean = logy(n X np X - -+ X np)
m
= Z log,(nj)

i=1

where n; = levels of attribute /

Measured subspace (k attributes):

K
Hieasured = _ logy (i)

i=1

Information loss:
L= Hfull - Hmeasured

= Z log,(n;)

i=k+1

Responsible Al and Ethical Innovation
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Appendix B: Chouldechova Impossibility - Complete Proof

Full mathematical proof of calibration-based impossibility:

Theorem (Chouldechova 2017) Proof Continued

Let S be a risk score, Y the true label, A the protected attribute Use prevalence assumption

with prevalence P(Y = 1|A = a) # P(Y = 1]A = b).

If S is calibrated: P(Y =1|A=a)# P(Y =1|A=b)
P(Y=1S=s,A=a)=P(Y=1S=s,A=b)=s Therefore from Step 2:

then at least one of the following must be violated: E[S|A=a] # E[S|A = b]

Demographic parity: P(S > t|A=a) = P(S > t|A=b)
Equal opportunity: Step 4: Demographic parity violation
P(S>tlY=1,A=a)=P(S>t]Y =1,A=b) If means differ, then for some threshold t:

P(S > t|[A=a) # P(S > t|A=b)

Proof: This is demographic parity violation. [J

Law of total probability

Step 5: Equal opportunity violation

1 By Bayes theorem:
P(Y:1|A:a):/ P(Y=1S=s,A=a)P(S=s|A=a)ds ~ oy neorem

0 P(Y =1|S,A=a)P(S|A=
b . PSIY =1,A= ) = LY =15 A= 2)PIA=2)
Step 2: Apply calibration assumption P(Y =1|A=a)
1 Using calibration and Step 3:
:/ s P(S=s|A=a)ds
0 _S-P(S|A=a)
= E[S|A = 4] E[S|A = &)
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Appendix C: Lagrangian Optimization Theory

Complete mathematical framework for constrained fairness optimization:

General Constrained Problem Fairness Application
Primal problem: Fairness-constrained problem:
in (0
o (©) msin Lored(0)
subject to g;(#) <0, i=1,...,m R R
BO) =0, j=1,....p st [PV =1]A=a)— P(V =1]A=b)| < ¢
L ian: Reformulation: N
agrangian Let F(8) = |P(Y = 1|A = a) — P(Y = 1|A = b)|
L(B, \,v) = f(0) + Z igi(0) + Z vihi( Constraint: F(0) —e <0
Lagrangian:

where A\; > 0 (inequality multipliers), v; (equality multipliers)
’ ! L(8,X) = Lprea(8) + A(F(0) — €)

Necessary conditions for 6% optimal:

1. Stationarity: Gradient descent:

Vol(0", X", v")=0 Ors1 = 0, — Vol
2. Primal feasibility: = 0; — 9(VLyred + AVF)
= pre
g(0") <0, m(6")=0 Dual update (if F(0) > €):
3. Dual feasibility: . Aer1 = max(0, s + a(F(0:) — €))
A7 >0

4. Complementary slackness: -
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Appendix D: ROC Space Geometry and Fairness

Geometric interpretation of fairness in ROC space:

ROC Space Properties Fairness Metrics in ROC Space
Coordinate system: Equalized odds:
Point (x, y) = (FPR, TPR) where: Groups a, b at same ROC point:
FP 5 FPR,, TPR,) = (FPR,, TPR
FPR= — '~ — P(V =1|Y = 0) (FPRa, TPR,) = (FPR,, TPRy)
FP+ TN Euclidean distance = fairness violation:
TP "
TPR= o5y = POV =11y =1) d = /(FPR, — FPR,)2 + (TPR, — TPR,)?
Key points:
(0,0): Reject all (trivial) Only TPR constraint:
(1,1): Accept all (trivial) TPR, = TPRp
(0, 1): Perfect classifier Vertical distance in ROC space
(p, p): Random guessing with rate p

Geometric optimization:
Find threshold pair (ta, t,) minimizing:

For threshold-based classifier ¥ = I[s(X) > t]: d = [|(FPR(ta), TPR(ta)) — (FPR(ts), TPR(1))]|

ROC curve = {(FPR(t), TPR(t)) : t € R} Subject to: Accuracy > a

Properties:
Starts at (0,0) (t = o0)

Solution: Intersection or nearest points of ROC curves

~ .oA

~ P
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Appendix E: Causal Fairness - Pearl’s Framework

Causal inference approach to fairness using DAGs:
Causal DAG Notation

Variables:
A: Protected attribute (race, gender, etc.)
: Legitimate features

: True outcome

< < X

: Prediction

Causal paths:
A — Y: Direct discrimination
A — X — Y: Mediated (proxy)
A < C — Y: Confounding

P(YacalX =x,A=a) = P(Ya_ X =x,A=a)
Intuition: Prediction unchanged if we intervene to change A
Path-specific effects:

Total effect:
TE = E[Yac1] — E[Yacol

Pearl’s Sufficiency Theorems
Three causal independence conditions:
1. Independence: Y L A

(No path A — Y)

2. Separation: Y L AlY

(All paths A — Y blocked by Y)

3. Sufficiency: Y L A|Y

(All paths A — Y blocked by Y)

Cannot satisfy all three unless:
Y L A (base rates equal), OR

Y is perfect predictor

Proof sketch: .
Assume Independence: Y L A
Assume Sufficiency: Y L AlY
Then by law of total probability:

P(Y|A=a)=> P(Y|Y =9)P(Y =9)

v
= P(Y|A=b)
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Fairness Mastered

From Hidden to Visible to Optimized:

You now understand:
Why invisible bias causes systemic harm (I(D; A) ; 0, 21.2 bits)
How metrics reveal discrimination (DP: 30%, EO: 4%, ROC: 7.2%)
Why impossibility theorems constrain solutions (Chouldechova, Pearl)
How optimization makes trade-offs explicit (A = 0.3 — 9.3x ROI)
How to build fair Al systems (Fairlearn, AIF360, 4-layer architecture)

Next Week: Structured Output and Prompt Engineering
Reliability requires constraints, just like fairness does



Structured Outputs

&
Reliable Al

When Al Needs Contracts, Not Suggestions

Week 8: Machine Learning for Smarter Innovation

From Unpredictable Chaos to Production-Ready Systems



Today's Journey: Problem -; Method -; Solution

Act 1: The Challenge

The unpredictability problem
Why production systems need structure
Integration challenges

Current state

Act 2: Naive Approach

Better prompts seem obvious
How prompt engineering works
Initial success (builds hope)

Failure pattern emerges

Act 3: The Breakthrough
® Human introspection
® Structure-first hypothesis
® The 3-layer architecture
® Real implementation

® Qualitative improvement

Act 4: Synthesis
® Production architecture
® Universal principles
® Modern applications

® Workshop preview

From unpredictable outputs to production-ready Al systems

Structured Outputs & Reliable Al
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The Unpredictability Problem: Same Input, Different Outputs

The Unpredictability Problem

Output 1:
iPhone 15 Pro
costs $999
with 128GB

Input:
"iPhone 15 Pro
128GB $999"

Output 2:
Product: iPhone 15 Pro
Price: 999 USD
Storage: 128 GB

Output 3:
{price: $999,
name: iPhone 15 Pro,
storage: 128GB}

Same input — Three different output formats (unparseable, inconsistent)

Key Insight: Al outputs vary unpredictably - same input produces different formats, structures, and quality

Without structure, Al generates inconsistent outputs that break system integrations

Structured Outputs & Reliable Al
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Why Production Systems Need Structure

What Production Systems Expect: What Unstructured Al Delivers:
Consistent data formats Variable text formats
Parseable structure (JSON, XML, CSV) Inconsistent field names
Type-validated fields Mixed data types
Required fields present Optional fields randomly omitted
Predictable error modes Unpredictable failures

Examples: Real Consequences:
Database: INSERT requires exact schema Database rejections (schema mismatch)
API: Endpoints expect specific JSON keys API failures (missing required fields)
Dashboard: Charts need consistent data types Broken automations (can't parse response)
Workflow: Next step depends on field presence Manual intervention needed

Production systems are contracts - they expect specific structures, not creative variations

Structured Outputs & Reliable Al 4 /23



The Integration Challenge: When Systems Collide

The Integration Challenge

Database Expects:

AT Output:
"Price: 999 USD * )
Storage: 128 GB" price: FLOAT

storage gb: INT

ERROR: Invalid data type
999 USD" cannot convert to FLOAT

Al generates text, but systems need typed, structured data

Key Insight: Al generates text, but systems need structured data - the mismatch breaks integrations

Every unparseable resp requires expensi | intervention or system failure

Structured Outputs & Reliable Al 5 /23



The Current State: Where Al Works and Where It Breaks

Where Al Excels: Where Al Breaks:

Flexible, Creative Tasks: Structured Data Extraction:
Writing assistance Form filling from documents
Brainstorming ideas Invoice data extraction
Explaining concepts Product catalog normalization
Summarizing content Customer data parsing
Translation System-to-system integration

Why It Works: Why It Fails:

Output variability is acceptable Output must be parseable
Human review is expected Fields must match schema
Creativity is valued Types must be validated
No strict format requirements No human in every loop

The Gap: Prototypes work in demos, fail in production when integrated with real systems

The challenge: Transform creative, flexible Al into reliable, structured data pipelines

Structured Outputs & Reliable Al 6 /23



Five Prompt Engineering Patterns

All techniques improve quality through clearer communication
Week 8



How Prompt Engineering Works: Five Common Techniques

The Techniques: The Techniques (continued):

1. Detailed Instructions 4. Step-by-Step Guidance
Specify exactly what to extract Break task into steps
List all required fields "First identify..., then extract...”
Describe desired format Chain of thought reasoning

2. Few-Shot Examples 5. Format Specification
Show 3-5 example outputs "Return as JSON with keys..."
Demonstrate desired format Describe field types
Illustrate edge cases Request specific structure

3. Role-Playing When It Helps:

"You are an expert data analyst..."” Simple, clean inputs

Sets context and expectations Standard formats
Encourages professional output Well-structured source data

Few edge cases

Prompt engineering improves quality through clearer communication - but is it enough for production?
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Success: When Prompt Engineering Works

Input: Input:
iPhone 15 Pro MacBook Air M2
128GB $999 25668 $1199
Output: Output:
Product: iPhone 15 Pro || | Product: MacBook Air M2 | |
Price: $999 Price: $1199
Storage: 128GB Storage: 256GB

On clean, simple inputs: Consistent, parseable outputs

On simple, well-formatted inputs, prompt engineering delivers consistent, high-quality results

Clean Data: Consistent Qutput: Success Factors:



Failure: When Real-World Complexity Reveals Fundamental Limits

Failure: When Complexity Breaks Prompt Engineering

On complex, messy inputs: Inconsistent, unparseable outputs

On complex, messy real-world data, prompt engineering breaks down systematically

Messy Data: Inconsistent Output: Root Cause:

RS G : e A

Price: $1099 X Type error:
Storage: 256 or 512GB can't parse range
Complex Input:
“iPhone 15 Pro Max 256 or 512GB
options starting at $1099
(with trade-in discount)"
price: 1099 USD X Field mismatch:
storage_capacity: 256GB wrong keys
product=$1099, X Parse error:
storage=256/512 invalid format

10 / 23



The Key Question: How Do YOU Ensure Data Consistency?

Before we design a solution, observe your own behavior:

Scenario 1: Filling a Form Scenario 2: Creating a Spreadsheet
You're entering customer data into a database: You're standardizing product data:
First: Check what fields are required First: Define column headers (schema)
Then: Enter data matching field types Then: Enter data in correct columns
Validate: Form rejects if types don't match Validate: Check types, ranges, required fields
Fix: Correct errors before submitting Enforce: Use data validation rules
Key observation: You validate against a schema before Key observation: You define structure first, then fill it
submission

The Pattern

Humans ensure consistency by:

1. Defining schema/structure FIRST
2. Validating data against that structure
3. Rejecting invalid entries
4. Fixing errors before proceeding

Human introspection reveals the solution: Structure-first, validate-always, reject-invalid approach

Structured Outputs & Reliable Al 11 /23



The Hypothesis: Structure First, Then Generate

Suggestions vs Contracts

Prompts (Suggestions)
"Please return as JSON..."

Characteristics:

« Al can ignore
* No enforcement
+ Variable compliance

VS

Schemas (Contracts)
API-level enforcement

Characteristics:

+ Guaranteed structure
* API enforces
« Predictable output

Enforcement beats suggestion - contracts ensure reliability

Key Insight: Prompts suggest format (weak), schemas enforce structure (strong) - enforcement beats suggestion

The breakthrough hypothesis: If we define schema first, Al can be forced to conform rather than suggest

Structured Outputs & Reliable Al
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The Solution in Plain English: What It Does and Why It Works

What It Does (No Technical Terms):
Step 1: Define Contract
List exactly what fields you need
Specify types (text, number, date)
Mark which fields are required

Like a database table definition

Step 2: Send to Al
Give Al the contract along with data
Al must return data matching contract
APl-level enforcement (not just prompt)

Al literally cannot return wrong format

Step 3: Validate and Recover
Check all required fields present
Verify types match specification
Retry if validation fails
Log errors for debugging

Why It Works:

Enforcement Mechanism
Not a suggestion - it's a requirement
API rejects non-conforming output
Like database rejecting bad INSERT

Guaranteed structure or explicit error

Predictable Failures
Failures are caught immediately
Error messages are specific
Retry logic can handle failures

No silent corruption

System Integration
Output is parseable (guaranteed)
Fields match database schema
Types are validated

Downstream systems accept input

Core Principle: Contract — Generate — Validate (not Hope — Generate — Fix)

Structured Outputs & Reliable Al 13 /23



The 3-Layer Architecture

Layer 2 Layer 3
Function Calling Validation
—
Enforce schema Check + Retry
at APl level on errors

Retry on validation error

Three layers ensure reliability: Define — Enforce — Validate




Layer 1: Schema Definition with Pydantic

Real code defining a type-safe contract:

from pydantic import BaseModel, Field

class ProductExtraction(BaseModel):
"""Schemayfor,structured, product datajextraction"""

product_name: str = Field (
description="Full, product name"

)

price: float = Field(
description="Priceyin, USD",
gt=0 # Must be positive

storage_gb: int = Field(
description="Storageycapacity in,GB",
ge=0 # Greater or equal to O

)

confidence: float = Field(
description="Extraction,confidencescore",
ge=0.0, le=1.0 # Between 0 and 1

)

What this achieves:

Tune cafetv: nrice muct he flnat ctarace muct he int
Structured Outputs & Reliable Al
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Layers 2 & 3: Function Calling with Validation

Real code enforcing structure and validating output:

from openai import OpenAI
client = OpenAI()

# Convert Pydantic schema to JSON schema
schema = ProductExtraction.model_json_schema ()

# Layer 2: Function calling (enforcement at API level)

response = client.chat.completions.create(
model="gpt-4",
messages=[{"role": "user", "content": product_textl}],
tools=[{
"type": "function",
"function": {
"name": "extract_product",
"description": "Extractyproduct, information",
"parameters": schema
}
H
)
# Layer 3: Validation and recovery
try:
# Extract structured data
args = response.choices[0].message.tool_calls[0].function.arguments

# Validate against schema

PRSI
Structured Outputs & Reliable Al
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Before and After: The Transformation (Qualitative)

Before and After: The Transformation

BEFORE: Prompt Engineering

Works on simple cases
Breaks on complexity
Variable formats
Unpredictable errors

Manual intervention

X X X X X

Not production-ready

AFTER: Structured Outputs

Works across complexity
Handles messy data
Consistent format
Predictable errors
Automatic retry

Production-grade

Qualitative improvement through structure and validation

Structured outputs with validation deliver reliable, production-ready results where prompt engineering alone breaks

down

Structured Outputs & Reliable Al
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Production Architecture Complete: All Layers Working Together

Production Architecture: All Layers Working Together

Schema LLM API

Definition Function Validation

Layer

Structured .
JSON T

(Pydantic) Calling

Retry on error l

Contract (AP enforces.
defines structure. schema

Complete system: Schema — Enforcement — Validation — Recovery

Key Insight: Schema + Function Calling + Validation = Reliable production Al that integrates seamlessly with systems
Structured Outputs & Reliable Al 18 / 23



Key Principles: Lessons Beyond This Specific Problem

Universal Lessons: Universal Lessons (continued):

1. Structure ; Power

Smaller models with structure outperform larger models Perfect reliability is impossible

without it . . .
Predictable failure is acceptable

Architecture matters more than parameters ..
Explicit error states

Constraints enable reliability Graceful degradation paths

Structure is feature, not limitation . X
Human-in-the-loop escalation

2. Validation = Reliability

Can't improve what you can't measure Where to Apply These Principles:

L . .. Any Al reliability challenge
Validation makes failures visible Y Y N
R Data extraction systems
Visibility enables recovery 4
. Form automation
Recovery enables production deployment
System-to-system integration

3. Contracts Beat Suggestions Production Al deployment

Prompts are suggestions (weak) Workflow automation

Schemas are contracts (strong)

Enforcement at API level The Meta-Lesson:

Guaranteed structure or explicit error These aren’t specific to structured outputs

They apply to ANY production Al system
Structured Outputs & Reliable Al 19 /23



When to Use Structured Outputs: Judgment Criteria

When Appropriate: When Overkill:

Production Requirements: Simple Scenarios:
System integration required One-time tasks or ad-hoc queries
High volume automation needed Human review always required
Type safety is critical Simple ChatGPT interactions
Downstream validation essential Prototyping and exploration phase
Zero-tolerance for parsing errors No downstream systems

Scale Indicators: Low Volume:
Processing hundreds+ items daily Processing fewer than 10 items/day
Multiple systems consuming output Manual workflows acceptable
Automated workflows dependent on data Flexible output formats OK
No human review in every loop Quick turnaround more important

Complexity Signals: Alternative Solutions Better:
Nested data structures Simple regex patterns sufficient
Multiple data types required Templates work well enough
Conditional field validation Cost of structure exceeds benefit
Cross-field dependencies Requirements change frequently

Structured Outputs & Relia’!;le All - o 20 /23



Common Pitfalls: What Can Go Wrong

Pitfalls with,Stkuctured Qutputs

Over-engineering, Ignoring
simple tasks com or edge cases
o o 1th,
ilure moqgs&igstkQHeho prevent|thelr Insufficient testing
for evolution validation fails on real data

Validation
too strict

Single point
of failure

No monitoring
for drift

No versioning

1
Schema too rigid Pr I
strategy |

Inadequate error
logging

Missing confidence

Test Extensively:

Use real messy data, not clean examples

Monitor Continuously:
‘Track validation failures, schema drift

Start Simple:

Add complexity only when needed

Prevention Strategies

Design f

or Failure:

Graceful degradation, fallback mechanisms

Version

Schemas:

Enable evolution without breaking changes

Document Edge Cases:
Known limitations and workarounds

. [ ol oS B

Robust systems anticipate and prevent these pitfalls from day one

S S T B S,
Structured Outputs & Reliable Al
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Modern Applications in Production (2024)

GitHub Copilot Stripe Healthcare
Workspace Invoices Systems

E-commeérce
Plaf s

Real production systems across diverse industries




From Chaos to Reliability: Summary & What's Next

The complete journey:

Where We Started Key Takeaways
Al outputs unpredictable Reliability is Engineering: Structure, validation, recovery
Breaks system integrations Structure ; Power: Architecture beats parameters
Prompt engineering helps on simple cases Contracts Beat Suggestions: Enforcement at API level
Fails on complex, real-world data Design for Failure: Predictable failure paths

Not production-ready

The Breakthrough Title: Build a Structured Output System
Schema defines contract Goal: Production-ready data extraction
Function calling enforces structure Duration: 90 minutes hands-on
Validation catches errors You’ll Build:

Retry logic recovers from failures ® Complete Pydantic schema

Function calling implementation
Validation & retry logic
Working production system

L]
Production-grade reliability °
L]

[ Next Session: Hands-on implementation of structured outputs for your innovation project - from prototype chaos
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Multi-Metric Validation
& Model Selection

Beyond Accuracy: Comprehensive Evaluation

Week 9: Machine Learning for Smarter Innovation



Today’s Journey

Part 1: Foundation Part 3: Implementation
o The accuracy trap o Sklearn metrics API
o Beyond single metrics o Cross-validation strategies
o Confusion matrix deep dive o Model comparison frameworks
o Production validation needs o Validation pipelines
Part 2: Techniques Parts 4-5: Design & Practice
o Precision vs Recall o Performance communication
o ROC and PR curves o Stakeholder dashboards
o Multi-class metrics o Credit risk workshop

(4

o Statistical testing Deployment decisions

From single metrics to comprehensive model evaluation
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The Accuracy Trap:

Email Dataset Distribution

Spam
(%)

When 95% is Useless

95% Accurate Model
Predicts "Not Spam” for Everything
Catches: 0 spam emails

High accuracy, Zero value

95% Accurate!

Reality Check:

o Email dataset: 95% not spam

o Classifier predicts “not spam” for everything
@ 95% accuracy achieved
°

Catches ZERO spam emails

The Problem:

Single metrics hide catastrophic failures

Single-metric optimization masks systemic failures - accuracy
maximization without constraint consideration enables trivial solutions
that satisfy metrics while violating objectives
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When High Accuracy Means Failure

Fraud Detection Medical Diagnosis
@ 99.5% accuracy @ 97% accuracy
o Fraud rate: 0.5% o Disease rate: 3%
@ Model: predict “not fraud” always o Misses 80% of cases
o Catches zero fraud o High recall needed
@ Business loss: millions o False negatives deadly
Impact: Impact:
Compliance failure Patient harm

Single metrics optimized, business objectives failed

Content Moderation
@ 94% accuracy
o Over-blocks content
@ Low precision
@ User frustration

@ Platform abandonment

Impact:
User churn

4/53



The Validation Pyramid: Three Levels

The Validation Pyramid: Three Levels of Evaluation Level 1: Single Metric
o Accuracy only
st nportat Fast to calculate

°
@ Easy to communicate
°

Often misleading
Level 2: Multi-Metric
@ Precision, Recall, F1

Multi-Metric
(Precision, Recall, F1, AUC)

e o ROC-AUC, PR-AUC
@ Trade-off visibility

o Comprehensive view

Level 3: Business Metrics
@ Revenue impact
o Cost savings
o User satisfaction
@ ROI alignment

Comprehensive validation integrates technical and business perspectives - production deployment demands alignment across statistical performance, trade-off
analysis, and organizational value
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Four Scenarios Where Accuracy Fails

1. Class Imbalance

Problem: Rare event detection

Example: Fraud (0.1% of transactions)
Why: Predict majority class = high accuracy
Fix: Use Precision-Recall curves

2. Cost Asymmetry

Problem: Error costs differ

Example: Medical false negative > false positive
Why: Accuracy treats errors equally

Fix: Weighted metrics, business ROI

3. Threshold Sensitivity

Problem: Performance varies by cutoff
Example: 0.5 threshold arbitrary

Why: Accuracy hides threshold impact
Fix: ROC curves, threshold optimization

4. Multi-Class Confusion

Problem: Some class pairs matter more
Example: Confusing cat/dog ok, cat/car bad
Why: Accuracy averages all errors

Fix: Confusion matrix analysis

Problem context determines appropriate metrics - class distribution, cost asymmetry, threshold sensitivity, and error criticality demand distinct evaluation approaches
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Confusion Matrix: Four Numbers, Infinite

TN=810 FP=90
Correctly identified False alarm
negative Type | error)

Confusion Matrix: Four Numbers, Infinite Insights

Insights

Negative 90

®
3
2
17 = TP=85
< Missed positive Correctly identified
(Type Il error) positive
Positive 15 85
Negative Positive
Predicted

All metrics derive from these four numbers

The Four Quadrants

True Positive (TP):

Predicted positive, actually positive
Example: Detected fraud that was real

True Negative (TN):
Predicted negative, actually negative
Example: Approved legitimate transaction

False Positive (FP):
Predicted positive, actually negative
Example: Blocked legitimate transaction

False Negative (FN):
Predicted negative, actually positive
Example: Missed actual fraud

7/53



Precision vs Recall: The Fundamental Trade-Off

Precision Recall (Sensitivity)
Definition: TP / (TP + FP) Definition: TP / (TP + FN)
Question: When | predict positive, am | right? Question: Of all actual positives, how many did | catch?
Focus: Accuracy of positive predictions Focus: Completeness of detection
High Precision Means: High Recall Means:
o Few false alarms @ Catch most positive cases
@ Conservative predictions @ Aggressive predictions
@ High confidence when predicting positive ® Few missed detections
Use when: False positives costly Use when: False negatives costly
Example: Email spam (don't block real email) Example: Disease screening (don't miss sick patients)

Precision-recall trade-off reflects fundamental constraint - increasing detection completeness reduces prediction confidence through inherent mathematical
relationship

8/53



What Validation Means in Production

Technical Requirements

o
o
o
o
o
o

Goal:

Multiple metric evaluation
Statistical significance testing
Cross-validation for stability
Threshold optimization

Edge case analysis
Performance monitoring

A/B test readiness

Confident deployment decisions

Business Requirements

o
o
o
o
o
o
)

Goal:

ROI alignment
Cost-benefit analysis

User impact assessment
Compliance verification
Stakeholder communication
Risk quantification

Performance guarantees

Business value delivery

Production = Technical excellence

Validation bridges ML engineering and business outcomes

+ Business alignment
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What You’ll Master This Week

Technical Skills

600000

Calculate 10+ validation metrics
Interpret confusion matrices

Plot and analyze ROC/PR curves
Perform cross-validation

Test statistical significance

Build validation pipelines

Optimize decision thresholds

Strategic Skills

@ Choose metrics for problems
@ Compare models systematically
@ Communicate performance

@ Align metrics with business

© Make deployment decisions

@ Design validation frameworks

By the end: Confidently validate and select models for production

Multi-metric evaluation enables informed deployment decisions - comprehensive assessment reveals performance characteristics invisible to single-dimensional analysis
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Innovation Impact: Validation Accelerates Iteration

Without Multi-Metric

]

4
o
o
o
o
o

Optimize accuracy only

Deploy model

Production failures emerge
Discover wrong metric optimized
Back to development

Weeks of lost time

Team loses confidence

Timeline: 4-6 weeks per iteration
Success rate: 40%

With Multi-Metric
@ Evaluate all relevant metrics
Identify trade-offs early
Align with business needs

°

°

@ Confident deployment

@ Production performance matches validation
°

Fast iteration cycles

Timeline: 1-2 weeks per iteration
Success rate: 85%

Systematic validation accelerates development cycles - early trade-off identification prevents late-stage failures and reduces iteration time
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Foundation Summary: Multi-Metric Mindset

Core Principles Key Questions
@ Accuracy alone is dangerous © What are we optimizing for?
@ AIll metrics have trade-offs @ What errors are more costly?
@ Context determines metric choice o Is data balanced or skewed?
@ Confusion matrix is foundation @ What threshold should we use?
@ Business alignment is essential @ How stable is performance?

o Does it align with business goals?
Remember:

No single metric tells complete story

. R . . Next Steps:
Production requires comprehensive view Step

Learn specific metrics and techniques

Metric calculation operationalizes validation principles - technical implementation transforms conceptual framework into quantitative assessment tools
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Confusion Matrix: Building Block of All Metrics

Medical Diagnosis Example =810 FP=s0
3 ) Corectly identiied False alarm
Test 1000 patients for disease: negave

(Type | error)
Confusion Matrix: Four Numbers, Infinite Insights
@ 100 actually have disease

@ 900 actually healthy

Model predictions:

. i . Negative %
© TP = 85 (correctly identified sick)

o FN = 15 (missed sick patients)

°

TN = 810 (correctly identified healthy)

s
o FP = 90 (false alarms) é FN-15 Tp-55
Missed positive Correctly identified
(Type Il error) positive
Accuracy: (85+810)/1000 = 89.5%
But is this good enough?
Positive 15 85

Negative Positive
Predicted

Critical Questions:
o Which error is worse?

A ae . e RN 1 PR,
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Precision vs Recall: The Fundamental Trade-Off

The Precision-Recall Trade-Off:
Cannot Optimize Both Simultaneously

— Precision
— Reall
@ F1optimal

%o 02

Trade-off is fundamental to

04 06
Decision Threshold

binary classification

The Mathematics

Precision = TP / (TP + FP)

= Correctness of positive predictions
=85/ (85 + 90) = 48.6%

Recall = TP / (TP + FN)
= Completeness of detection
=85/ (85 + 15) = 85%
The Inverse Relationship
@ Lower threshold — more predictions
@ More predictions — higher recall
@ But also more false positives
@ More FP — lower precision

o Cannot optimize both simultaneously
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F-Beta Family: Balancing Precision and Recall

s

F-Beta Score

Fo5
(Precision focus)

F-Beta Family: Choose Based on Error Costs
(Precision=0.8, Recall=0.9)

F1
(Balanced)

F2
(Recall focus)

F-Beta Formula
Fo=(1+5") Fis
When to Use Each:
F1 (8 =1):
o Equal weight to P and R
@ Balanced scenarios

o General purpose

F2 (B =2):
@ 2X weight to recall
@ Disease screening
o Don't miss positives
F0.5 (8 = 0.5):
@ 2Xx weight to precision
@ Spam filtering

@ Avoid false alarms

Beta parameter encodes error cost asymmetry - weighting reflects relative importance of false positive versus false negative consequences
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ROC Curves: Threshold-Independent Evaluation

What is ROC?
ROC = Receiver Operating Characteristic

Plots:

(4]

o
o
)

X-axis: False Positive Rate (FPR)
Y-axis: True Positive Rate (TPR = Recall)
Each point = one threshold value

Curve shows all possible thresholds

Reading the Curve

[+

o
o
o

Top-left corner = perfect (TPR=1, FPR=0)
Diagonal line = random guessing
Above diagonal = better than random

Closer to top-left = better model

Pant A
@ Hishtresnoid

Recall)

True Positive Rate (TPR

==+ Random (AUC=0.50)

= Good Model (AUC=0.75)
= Excellent Model (AUC=0.93)
@ rerect0.)

08 0

04 05
False Positive Rate (FPR)

Key Points
Point A: High threshold

o Conservative predictions
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AUC: Summarizing ROC in One Number

AUC Interpretation: What Do These Numbers Mean? What is AUC?
AUC = Area Under the ROC Curve

(Crecklomageh
Range: 0 to 1

(Sonpiioos?) ! Interpretation: Probability that model ranks random positive
higher than random negative

Excellent,

AUC Benchmarks

@ 0.5: Random guessing (useless)

Good

0.7: Fair performance

0.8: Good performance

Random
(Useless).

o

0.9: Excellent performance

o 0z 04 06 08 10
AUC Score

0.95+: Outstanding (check for leakage!)

1.0: Perfect (suspicious)

When AUC Helps
Comparing models threshold-free

AUC aggregates performance across all thresholds
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Precision-Recall Curves: Better for Imbalanced Data

Why PR Curves?
Problem with ROC:

o Imbalanced data (1% positive)

@ High TN count inflates performance
© Model looks great on ROC

@ But terrible at finding positives

PR Curve Solution:
@ Ignores TN completely
@ Focuses on positive class
@ X-axis: Recall
@ Y-axis: Precision

@ Shows trade-off directly

PR curves reveal problems ROC curves can hide

ROC vs PR: Use PR for Imbalanced Data

ROC Curve Pracision-Recall Curve
(Balanced: 50% positive) (imbalanced: 5% positive)

When to Use Each
Use ROC when:

@ Balanced classes
@ Both classes matter equally

o Standard evaluation

Use PR when:
o Highly imbalanced (< 10% positive)
@ Positive class more important

@ Fraud, disease, anomalies
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Multi-Class Metrics: Macro, Micro, Weighted

Three Averaging Methods
Macro Average:

Catvs (Dog + Bird + Fis) = o Calculate metric per Class
Dog vs (Gat + Bird + Fish) il

One-vs-Rest Strategy Averaging Strategies

. @ Average all classes equally

e (ot g+ B e @ Treats rare classes equally
Ch

P—— o Use when all classes matter
Weighed
e

Micro Average:
o Aggregate all TP, FP, FN
o Calculate single metric
@ Dominated by frequent classes

@ Use for overall accuracy

Weighted Average:
@ Weight by class frequency
@ Balances macro and micro
@ Most commonly used
°

Best for imbalanced

Choice depends on whether rare classes are critical

19/53



Regression Metrics: MSE, RMSE, MAE, R?

Error-Based Metrics
MAE (Mean Absolute Error):

@ Average absolute difference
@ Same units as target
@ Robust to outliers

o Easy to interpret

MSE (Mean Squared Error):
@ Average squared difference
o Penalizes large errors heavily
@ Sensitive to outliers

@ Optimization-friendly

RMSE (Root MSE):
@ Square root of MSE
@ Same units as target
@ Combines MSE benefits
©® Most popular regression metric

Regression needs different metrics than classification

Variance-Based Metrics
R2 (Coefficient of Determination):

@ Proportion of variance explained
@ Range: 0 to 1 (higher better)

@ 0 = predict mean always

@ 1 = perfect predictions

@ 0.7+ typically good

When to Use Each
@ MAE: Outliers shouldn’t dominate
@ RMSE: Large errors very bad
@ R2: Communicate to stakeholders

@ Multiple: Report all three

20/53



Ranking Metrics: NDCG and MRR for Recommenders

Mean Reciprocal Rank (MRR)
Definition:
Average of (1 / rank of first relevant item)

Example:
Query: “machine learning books”

o User 1: First relevant at rank 2 — 1/2
© User 2: First relevant at rank 1 — 1/1
o User 3: First relevant at rank 5 — 1/5
® MRR = (0.5+ 1.0+ 0.2) /3 =057

Use when: First result most important
Example: Search engines

Ranking metrics consider order, not just presence

NDCG (Normalized DCG)
Definition:
Discounted cumulative gain, normalized

Key idea:
o Relevance scores (not binary)
o Position matters (discount factor)
@ Earlier results weighted more

o Normalized to [0,1]

Formula: Complex, but intuitive

Use when: Graded relevance
Example: Product recommendations
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Custom Business Metrics: Align ML with ROI

Why Business Metrics?
@ ML metrics don't equal business value
@ 90% precision means what in dollars?

Stakeholders care about ROI

©

@ Custom metrics bridge the gap

Example: Credit Risk
Business constraints:

o False negative (missed default) = -$50,000
o False positive (rejected customer) = -$5,000
o True positive (caught default) = $0

@ True negative (approved good) = +$2,000

Custom metric:
Expected profit per 1000 loans

Business metrics often contradict ML metrics

Calculating Business Impact
Model A: 95% accuracy

© 10 FN X -$50K = -$500K

@ 40 FP x -$5K = -$200K

@ 950 correct X $2K = +$1.9M
o Net: +$1.2M per 1000

Model B: 92% accuracy
o 5 FN X -$50K = -$250K
® 75 FP x -$5K = -$375K
@ 920 correct x $2K = +$1.84M
o Net: +5$1.215M per 1000

Model B wins despite lower accuracy!
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Technique Comparison: Choosing the Right Metrics

Decision Tree Best Practices

?
Problem Type? @ Never use accuracy alone
o Classification — Binary or Multi-class?

@ Regression — MSE, RMSE, MAE, R2
o Ranking —+ NDCG, MRR

Q Report multiple metrics
@ Include confusion matrix

@ Show precision-recall trade-off

Binary Classification: @ Calculate business impact
o Balanced? — Accuracy, ROC-AUC @ Compare across thresholds
@ Imbalanced? — PR-AUC, F1 @ Test statistical significance
o Cost asymmetry? — Custom business metric @ Validate on holdout set
Muilti-class: Common Combinations
o All classes equal? — Macro avg o Balanced: Accuracy + F1 + ROC-AUC
@ Frequent classes matter? — Micro avg o Imbalanced: Precision + Recall + PR-AUC

iew? i . . .
© Balanced view? — Weighted avg @ Production: Above + Business metric

Practical implementation translates mathematical definitions into code - library functions enable metric calculation within production validation pipelines
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Sklearn Metrics: Complete API Tour

from sklearn.metrics import *

# Classification metrics
accuracy_score(y_true, y_pred)
precision_score(y_true, y_pred)
recall_score(y-true, y.pred)
fi_score(y_true, y_pred)

# Confusion matrix
confusionmatrix(y-true, y_pred)
classification_report(y-true, y_pred)

# Probability-based
roc_auc_score(y_true, y_proba)
average_precision_score(y_true, y_proba)
# Multi-class

fi_score(y_true, y.pred, average=’macro’)
# ’macro’, ’micro’, ’weighted’

Standardized metric libraries enable consistent validation - uniform implementations prevent calculation errors and ensure comparable results

Key Functions
Binary:

4]

4]

[+]

[+]

accuracy_score
precision /recall /f1_score
roc_auc_score

confusion_matrix

Probability-based:

(]

(]

4]

roc_curve
precision_recall_curve

average_precision_score

Reporting:

(4]

4]

[+]

classification_report
ConfusionMatrixDisplay
RocCurveDisplay
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Cross-Validation: Beyond Train-Test Split

K-Fold Cross-Validation (K=5)

Foigs,

Foda,

Foiss,

Folg2,

Foig1

o £l W C] 3 100
Samples

Stratified K-Fold (Pr I

Faiss,

Folda,

Fod3,

Fois2,

Folg 1

o 2 W & 0 100
‘Samples

Time Series Split (Respects temporal order)

spita,

spita,

spitz,

spitt

T T Time Tow = T
o £ W & 00
Time (samples in temporal order)

CV provides robust performance estimates with confidence intervals

K-Fold CV
from sklearn.model_selection
import cross_val_score
scores = cross_val_score(
model, X, y,
cv=5,
scoring=’f1’
)

print (scores.mean())

Stratified K-Fold:
Preserves class distribution

Time Series Split:
Respects temporal order

Leave-One-Out:
N folds for N samples
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Confusion Matrix Visualization with Seaborn

import seaborn as sns Interpretation
from sklearn.metrics import
confusion.matrix

# Calculate matrix
cm = confusionmatrix(y_true, y_pred)
# Visualize
sns.heatmap(cm, annot=True,

fmt=’d’, cmap=’Blues’)
plt.ylabel(’Actual’)

@ Diagonal = correct predictions
o Off-diagonal = errors

@ Color intensity shows magnitude
°

Annotations show counts

plt.xlabel (’Predicted’) Analysis Tips

plt.title(’Confusion Matrix’) @ Normalize rows (recall per class)

zlaiiio‘;;l))els o Normalize columns (precision per class)

labels = [’Negative’, ’Positive’] @ Look for systematic patterns

sns.heatmap (cm, ;’;‘;13112—1‘1:1:‘::':’ > © Which classes confused most?
yticklabels=1abels), @ Asymmetric errors?

Visualization reveals patterns raw numbers hide
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ROC Curves: Multi-Model Comparison

from sklearn.metrics import
roc_curve, auc
import matplotlib.pyplot as plt
# For each model
for name, model in models.items():
y-proba = model.predict_proba(
X test)[:, 1]
fpr, tpr, - = roc_curve(
y-test, y_proba)
roc_auc = auc(fpr, tpr)

plt.plot(fpr, tpr,

label=f’
name

(AUC=
roc_auc:.2f
))

plt.plot([0,1], [0,1], ’k--’)
plt.legend()

Multi-Class ROC

One-vs-Rest:
@ Separate curve per class
o Class A vs (B+C+D)

@ N curves for N classes

Macro-average:
@ Average all class curves

o Equal weight per class

Micro-average:
o Aggregate all pairs
@ Weighted by frequency

Visual comparison reveals performance differences - overlaid curves enable direct model assessment across threshold ranges
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Statistical Significance: McNemar Test

The Question
Is Model A significantly better than Model B, or just lucky on this
test set?

McNemar Test
Compares two models on same test set:
@ Both correct: ignore
@ Both wrong: ignore
@ A correct, B wrong: count
@ A wrong, B correct: count

Null hypothesis:
Models equally good

Result:
p-value < 0.05 — significant difference

Statistical tests prevent false confidence in model selection

from statsmodels.stats.
contingency_tables
import mcnemar
# Predictions
pred-a = model_a.predict(X_test)
pred.b = model b.predict(X_test)
# Contingency table
n 01 = sum((pred.a != y_test) &
(pred-b == y_test))
n_10 = sum((pred.a == y_test) &
(pred.b != y_test))
# Test
table = [[0, n01], [n_10, 0]]
result = mcnemar(table)
if result.pvalue < 0.05:
print("Significant!")
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Systematic Model Comparison with Pandas

import pandas as pd

from sklearn.metrics import *

results = []

for name, model in models.items():
model.fit(X_train, y-train)
y-pred = model.predict(X_test)
y-proba = model.predict_proba(

X_test)[:, 1]

results.append(
’Model’: name,
’Accuracy’: accuracy-score(
y_test, y-pred),
’Precision’: precision_score(
y-test, y-pred),
’Recall’: recall_score(

y-test, y_pred),
’F1’: fl_score(y_-test, y_pred),
’AUC’: roc_auc._score(

y-test, y_proba)

)
df = pd.DataFrame(results)
print (df.sort_values(’F1’))

Output Example

Model Acc Prec Rec F1 AUC

LogReg  0.89 0.85 0.82 0.83 0.91

RF 0.92 0.90 0.88 0.89 0.95

XGB 0.93 091 0.90 0.90 0.96

SVM 0.90 0.87 0.85 0.86 0.93
Benefits

@ All metrics in one table
o Easy sorting and filtering
o Export to CSV/Excel

@ Share with stakeholders

@ Track over time

Tabular organization enables systematic model comparison - structured data formats support sorting, filtering, and stakeholder communication
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Hyperparameter Impact: Trade-Offs Visualized

T Optimization: Minimi iness Cost Threshold Tuning
55 Default 0.5 often wrong:

@ Assumes equal costs

@ Ignores class imbalance

@ Not business-aligned

Optimization Process

@ Define cost function
@ Try thresholds 0.1 to 0.9

Q@ Calculate business metric

Expected Cost (thousands)

@ Select optimal threshold

04 05 06
Decision Threshold

@ Validate on holdout set

Optimal: 0.30
Example:
Fraud detection optimal at 0.3
(not 0.5) due to 10:1 cost ratio

Hyperparameter optimization aligns with evaluation objectives - threshold tuning maximizes target metric rather than arbitrary defaults
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Production Validation Pipeline

Production Validation Pipeline: End-to-End

Deploy

P|pelme Stages
1. Data Split:

o Train (70%)
o Validation (15%)
o Test (15%)

. Training:

@ Fit on train set
@ Tune on validation

@ Never touch test

. Validation:

o Cross-validation
@ Multiple metrics

o Statistical tests

. Final Test:

@ One-time evaluation
@ Report all metrics

@ Deploy if passing

Isolated test sets prevent optimization bias - held-out data provides unbiased performance estimates when validation guides development
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Common Validation Pitfalls

Data Leakage

Problem:

Test data influences training
Examples:

@ Scaling before split
@ Feature engineering on full dataset
@ Time series future in training
Fix:
o Split first
o Fit transformers on train only

o Use sklearn Pipeline

Test Set Overfitting
Problem:

Tuning on test set
Examples:

@ Multiple test evaluations
@ Selecting model by test performance

@ Threshold tuning on test

@ Use validation set
@ Test only once

@ Separate holdout

Wrong Metric

Problem:

Optimizing inappropriate metric
Examples:

Accuracy on imbalanced
AUC for fixed threshold

Ignoring business costs

Match problem context
Use multiple metrics

Create custom metric

Validation errors systematically inflate performance estimates - data leakage, test contamination, and metric mismatch produce unreliable assessments



Production-Ready Validation Checklist

Before Training

[ Data properly split (train/val/test)

[ Stratification for imbalanced classes
[0 Time-based split for temporal data

O No data leakage (scaling, encoding)
[0 Baseline model established

[0 Metrics selected and justified

[0 Business cost function defined

[ Success criteria documented

During Training

[0 Cross-validation performed

[0 Multiple metrics tracked

[0 Hyperparameter grid searched

[ Validation set never used for training
[0 Model artifacts saved

Before Deployment

[ Final test set evaluation (once)
[ All metrics above thresholds

[0 Statistical significance tested
[J Confusion matrix analyzed

[ Error patterns understood

[ Threshold optimized for business
[ Confidence intervals calculated
[0 Documentation complete

[0 Monitoring plan ready

[ Rollback strategy defined

No shortcuts in validation

Stakeholder communication translates technical metrics into business value - effective presentation drives informed deployment decisions
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Stakeholder Dashboards: Non-Technical Visualization

Model Comparison Dashboard: 5 Models x 5 Metrics Dashboard Principles
1000 For Executives:
5 . 085 @ Business impact first
g 0.975
@ ROI, cost savings
0950 @ Simple visuals
& 0.92 0.90
oas o Green/red indicators
é - oo For Product Managers:
b @ User impact metrics
o o A/B test readiness
H 00 087 .
0850 o Feature importance
@ Trade-off clarity
0.825
z 091 088
For Engineers:
Accuracy Precision 0:800

@ All technical metrics
@ Confusion matrices
@ Error distributions

o Latency, throughput

Audience-appropriate communication maximizes comprehension - executive, product, and technical stakeholders require distinct metric presentations and abstraction
levels
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Showing Uncertainty: Confidence Intervals

Why Show Uncertainty? Visualization
@ Point estimates mislead Model F1 95% ClI
@ Small test sets = high variance LogReg  0.83  [0.79, 0.87]
e RF 0.87  [0.83, 0.91]
o Stakeholders need reliability info XGB 089  [0.85, 0.93]
@ Prevents overconfidence
Key Insights
How to Calculate @ Wide CI = high uncertainty

Bootstrap method:

@ Overlapping Cl = not significantly different
QO Resample test set 1000 times

. @ Narrow Cl = stable model
@ Calculate metric on each

. . ©® Report both point and interval
@ Report 95% confidence interval

Example:
F1 = 0.87 [0.83, 0.91]
Interpretation: 95% confident true F1 between 0.83 and 0.91

Uncertainty quantification builds stakeholder trust
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Clear Decision Matrices for Model Selection

Comprehensive Table

Model F1 Latency Cost
LogReg 0.83 5ms  $0.01
RF 0.87 50ms $0.10
XGB 0.89 80ms  $0.15
Neural Net  0.90 200ms  $0.50
With Business Context
Model Revenue/Day Profit
LogReg $10,200  $9,500
RF $11,500 $9,000
XGB $11,800 $8,500
Neural Net $12,000  $6,000

Best choice: RF (highest profit)

Multi-dimensional comparison reveals optimal choice

Decision Criteria
Include columns for:

o Performance metrics (F1, AUC)
o Business metrics (revenue, cost)
@ Operational (latency, memory)
o Maintainability (complexity)

o Risk (stability, explainability)

Color coding:
o Green: Best in category
@ Yellow: Acceptable

o Red: Below threshold

Final recommendation:
Bold row with rationale
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Error Analysis: Where and Why Models Fail

Error Distribution
By feature value:

o High errors for income < $30K
@ Low errors for income > $100K

@ Model biased toward wealthy

By prediction confidence:
o Low confidence — 60% correct
@ Medium — 85% correct
o High confidence — 95% correct

o Confidence well-calibrated

By subgroup:
@ Errors concentrated in young applicants
o Few training examples for this group

@ Need more data or reweighting

Error analysis guides model improvement and identifies risks

Visualization Types
1. Error rate by bin:

@ Histogram of feature values
o Color by error rate

@ Shows where model struggles

2. Confusion by subgroup:
@ Separate matrix per group
@ Compare across demographics

o lIdentify fairness issues

3. Prediction calibration:
o Predicted prob vs actual rate
@ Perfect = diagonal line

© Shows over/underconfidence
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Translating ML Metrics to Business Language

The Translation
Instead of: “95% precision”
Say: “Of 100 alerts, 95 are real fraud, saving $285K monthly”

Instead of: "ROC-AUC of 0.92”
Say: “Model correctly ranks 92% of fraud above legitimate

transactions”

Instead of: “85% recall”
Say: “Catches 85 of every 100 fraud cases, missing 15"

Formula
ML Metric 4+ Context + Business Impact

Stakeholders care about business impact, not technical metrics

ML Term Business Translation

Accuracy Correct decisions

Precision When we act, we're usually right

Recall We catch most problems

F1 Score Balance of correctness and complete-
ness

AUC Overall ranking quality

Confusion Matrix

Specific error patterns

Always include:

@ What it means in practice

@ Cost or value in dollars

o Risk or opportunity
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Pre-Deployment Validation: A/B Test Criteria

Validation Gates A/B Test Plan
Gate 1: Performance Test design:
o F1 > 0.85 @ 50/50 split (new vs old)
@ Precision > 0.80 @ 2-week duration
@ Recall > 0.80 @ 10,000 users minimum
@ All metrics above threshold @ Primary: Conversion rate

Gate 2: Stability @ Secondary: User satisfaction

o CV std dev < 0.05 -
Success criteria:

© Narrow confidence intervals © +5% conversion (statistical sig)

[} i . . .
Consistent across folds o No decrease in satisfaction

Gate 3: Business @ No increase in complaints
@ Positive expected ROI @ Technical metrics match offline

@ Cost per prediction acceptable

Rollback tri :
@ Latency < 100ms ofiback triggers

@ Performance drop > 10%
Gate 4: Fairness @ Error spike
© No subgroup disparities o User complaints > 5%
@ Protected attributes checked

o Ethics review passed
Rigorous offline validation enables confident A/B testing 39/53



Model Cards: Performance Section Best Practices

Performance Section
1. Overall Metrics

@ Accuracy: 0.89 [0.86, 0.92]
@ Precision: 0.87

@ Recall: 0.85

o F1: 0.86

AUC: 0.93

[+

2. Per-Class Metrics
o Class 0: F1 = 0.90
o Class 1: F1 = 0.82

3. Subgroup Performance
o Age 18-30: F1 = 0.80
o Age 31-50: F1 = 0.88
o Age 51+: F1 = 0.86

4. Edge Cases
@ Low-income: F1 = 0.75

@ International: F1 = 0.70
Model cards document performance transparently

What to Include
Test Set Details:

@ Size: 10,000 samples
o Distribution: 60/40 split
@ Time period: Jan-Mar 2025

@ Representative: Yes

Known Limitations:
@ Lower performance on young users
@ Requires English text
o Struggles with short inputs

@ Not validated for images

Recommendations:
o Use confidence thresholding
@ Human review for < 0.7 confidence
@ Monitor for drift

o Retrain quarterly
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Trade-Off Communication: Precision vs Recall for PMs

The Story

Imagine spam filtering:

High Precision, Low Recall:
o Very confident = spam
@ Catches obvious spam only
@ Misses subtle spam
@ Never blocks real email
@ Users: "I still get spam!”

H

gh Recall, Low Precision:

(4]

Aggressive blocking
Catches all spam
Also blocks real email
Users frustrated

“Where's my password reset?”

Concrete examples ground abstract trade-offs - business impact scenarios make precision-recall relationships tangible for stakeholders

The Question
“Which error is worse?”

For spam:
@ FP (block real) = very bad
o FN (miss spam) = annoying

@ Choose high precision

For fraud:
o FP (false alarm) = annoying
o FN (miss fraud) = catastrophic

@ Choose high recall

PM Decision
Set threshold based on:

o User impact
@ Business cost
@ Brand reputation

@ Regulatory requirements
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Interactive Dashboards with Plotly

Why Interactive?

o Stakeholders explore themselves
Adjust threshold in real-time
See immediate impact
Build intuition

Collaborative decision-making

Features to Include
Threshold slider:

@ Adjust 0.1 to 0.9
o Live update metrics
@ Show confusion matrix

@ Display business impact

Model comparison:
o Toggle models on/off
@ Overlay ROC curves
o Compare side-by-side

Interactive tools make validation accessible to non-technical stakeholders

Implementation
Plotly Dash:

@ Python web framework
o Interactive plots

@ Real-time updates

@ Shareable URL

Streamlit alternative:
o Simpler syntax
@ Quick prototypes

@ Good for demos

Best Practices

©

Start simple, add features

Explain every visualization

°
@ Provide guidance tooltips
o Export current view

°

Save scenarios
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When to Use Multi-Metric Validation: Judgment Criteria

-Metric V:

When to Use Multi

What are the stakes?

Busines critical

tolyping
Moderatp volume Exploratofy analysis.

oduction ieployment

Some ailtomation rations.
ReversibWecisions caderWesear
MODERATE LIGHTWEIGHT
35 key matrics
Basic valdation s«nme ranfestsp
Confusion malrix ssment
Stakeholder review sty

Additional Considerations

Volune: High volune (1006+/day) < More rigorous validation necdsd

Regulation: FDA, SEC, GOPR compliance ~ Mandatory comprehensive validation

Cost Asymetry: 16 Pl costs >> sts < Wit netric essential (optinize recall vs precision)
Class Tabatance) Sever iabatance (315) - Accuracy slore comletaty dnautticient

then iterate to comprehensive

Tine Coneraings! Tioh deatiings = Moy nees Vigntueioht Tiret,

| Principle: Match validation rigor to decision consequences - comprehensive for production, lightweight for exploration |
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Performance Communication: Design Principles

Core Principles

Q

© 06 6 o o

Know your audience
Execs, PMs, engineers need different info

Show uncertainty
Confidence intervals, not just points

Translate to business
Dollars, users, time - not just F1

Make it visual
Tables, charts, dashboards

Enable exploration
Interactive tools for discovery

Document everything
Model cards, assumptions, limitations

Practical application consolidates validation concepts

Communication Checklist
O Executive summary (1 slide)
[J Business impact translation
[0 Model comparison table

[ Confidence intervals shown
[ Error analysis included

[J Subgroup performance documented
[0 Trade-offs explained clearly
[0 Recommendations actionable
O Limitations acknowledged

[J Next steps defined

Remember:
Goal is informed decisions,
not impressive metrics

workshop exercises demonstrate metric selection, calculation, and interpretation in production scenarios
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Workshop: Credit Risk Model Validation Challenge

Your Challenge What You'll Do
Compare 5 ML models for credit risk prediction using

. ; ] > Baseline evaluation (5 models X 10 metrics)
comprehensive multi-metric evaluation

Confusion matrix analysis
Why This Matters:

@ Real-world imbalanced problem

Threshold optimization for 10:1 cost ratio

5-fold cross-validation

@ Cost-sensitive decisions Statistical testing (McNemar)

° ion-criti i . . .
Production-critical skill Business impact calculation

@ Portfolio project

©C000O0CO0OCCOC

Final model selection

Success Criteria: Time: 60 minutes

@ All 10+ metrics calculated Deliverable: Jupyter notebook

. 0,
o Statistical significance tested Dataset: 10,000 loans, 5% default
@ Business-aligned threshold

@ Clear recommendation with rationale

Comprehensive validation for confident deployment decisions
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Workshop Dataset: 10,000 Loan Applications

Features
Numerical:

@ income (annual, $20K-$200K)
o credit_score (300-850)

o employment_years (0-40)

o debt_to_income (0-1 ratio)

@ loan_amount ($1K-$50K)

Target:
o default (0 = repaid, 1 = defaulted)
o Highly imbalanced: 5% default rate

Train: 7,000 — Val: 1,500 — Test: 1,500

Business Context
Costs per loan:

o False Negative (miss default) = -$50,000
o False Positive (reject good) = -$5,000

@ True Positive (catch default) = $0

o True Negative (approve good) = +$2,000

The Challenge
® 95% accuracy trivial (predict no default)
@ But misses all defaults = catastrophic
@ Need balanced precision-recall
@ Optimize for business profit

@ 10:1 FN:FP cost ratio matters

Authentic datasets ground learning in practice - realistic class imbalance and cost asymmetry mirror production deployment challenges
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Step 1: Baseline Evaluation (5 Models x 10 Metrics)

Model Comparison Dashboard: 5 Models x 5 Metrics Models to Compare
o @ Logistic Regression
g 0se oss qors Q Random Forest
@ XGBoost
o o @ SVM (RBF kernel)
os2s @ Neural Network (2 layers)
g o o Metrics to Calculate
os7s @ Accuracy
H 090 087 @ Precision, Recall, F1, F2
o ROC-AUC
. . o PR-AUC
o o oo @ Specificity
o NPV (Negative Predictive Value)
@ Expected cost per 1000 loans

Baseline threshold establishes optimization reference - default values provide comparison point for business-aligned adjustment
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Step 2: Understanding Failure Modes

Confusion Matrix Per Model
Logistic Regression:

@ TP: 45, FN: 30
o FP: 120, TN: 1305

o High FP rate (conservative)

Random Forest:
o TP: 60, FN: 15
o FP: 90, TN: 1335

o Balanced performance

XGBoost:
@ TP: 65, FN: 10
o FP: 110, TN: 1315

@ Highest recall

Confusion matrices reveal patterns metrics hide

Analysis Questions
@ Which model has highest TP? (best at catching defaults)
@ Which has lowest FN? (fewest missed defaults)
@ Which has lowest FP? (fewest false alarms)
@ Are errors systematic? (e.g., low-income applicants)

@ Which aligns with 10:1 cost ratio?

Key Insight
Model with highest accuracy (LogReg) has worst business outcome
due to high FN rate
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Step 3: Business-Aligned Threshold Selection

T Optimizati i Cost

Expected Cost (thousands)

04 (5 06
Decision Threshold

Optimal: 0.30

Business constraints often require non-default thresholds

Threshold Sweep
For each model:

@ Try thresholds 0.1 to 0.9
@ Calculate confusion matrix
© Compute expected cost

@ Find minimum cost threshold

Results Example
XGBoost:

o Default (0.5): $1.2M profit
o Optimal (0.3): $1.5M profit

@ 25% improvement!

Why 0.3?
@ More aggressive predictions
o Catches more defaults (higher recall)
@ Increases FP but FN costs 10x

@ Net: Higher profit
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Step 4: Assessing Stability and Variance

5-Fold CV Results

Model Mean F1 Std Cl
LogReg 0.83 0.04 [0.79, 0.87]
RF 0.87 0.02 [0.85, 0.89]
XGB 0.89 0.03 [0.86, 0.92]
SVM 0.85 0.05 [0.80, 0.90]
NN 0.88 0.06 [0.82, 0.94]

Observations
o RF most stable (low std)
@ NN highest variance (risky)
@ XGB best mean + acceptable std
© SVM wide Cl (uncertain)

Cross-validation reveals performance stability across data splits

Why Stability Matters
@ Production data varies
©® High variance = unreliable
@ Wide Cl = uncertain performance
°

Stable models safer for deployment

Trade-Off Decision
Option A: XGB

o Highest mean F1 (0.89)
@ Moderate variance (0.03)
@ Best overall

Option B: RF
o Slightly lower F1 (0.87)
o Lowest variance (0.02)

o Safest choice
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Step 5: Which Model is Significantly Better?

McNemar Test Results Interpretation
XGBoost vs Random Forest: XGB vs RF:

o XGBoost correct, RF wrong: 45 cases No statistically significant difference despite F1 gap (0.89 vs 0.87).
Could be random luck.

@ RF correct, XGBoost wrong: 30 cases

@ Chi-square = 3.0 XGB vs LogReg: . . .
XGBoost clearly superior. Difference unlikely due to chance.
@ p-value = 0.08

o Not significant (p > 0.05) Decision Implication
@ XGB and RF both acceptable
XGBoost vs Logistic Regression: @ Choose based on: stability, interpretability, maintenance
@ XGB correct, LR wrong: 90 cases o RF wins on stability

@ LR correct, XGB wrong: 25 cases °
o Chi-square = 36.7
@ p-value < 0.001

XGB wins on mean performance
Either defensible

(4]

@ Highly significant!

Statistical tests prevent overconfidence in small differences
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Pre-Deployment Validation Checklist

Technical Validation

O Multiple metrics calculated

[0 Confusion matrix analyzed

O Threshold optimized for business
[ Cross-validation performed

[ Confidence intervals computed
[0 Statistical tests passed

[ Error patterns understood

[0 Subgroup performance checked
[J Edge cases tested

[0 Baseline comparison done

Remember:

No single metric tells full story
Context determines metric choice

Systematic validation prevents production disasters

Business Validation

[ Business metric calculated
[0 ROI projected

[0 Cost-benefit analysis done
[0 Stakeholder review completed
[ Deployment plan ready

[0 Monitoring strategy defined
[ Rollback criteria set

[0 Documentation complete
[0 Model card created

[0 A/B test designed

Only deploy when:
All checkboxes ticked
Confidence high
Risks understood
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Week 9 Key Takeaways

Core Lessons

o

Qo
(6]
(%]
o

Accuracy alone is dangerous
Can be 95% and completely useless

Every metric has trade-offs
Precision vs recall is fundamental

Context determines metrics
Choose based on problem and costs

Statistical significance matters
Don't trust small differences

Business alignment essential
Translate ML to dollars and impact

Technical Skills Mastered:

4]

o
o
o

(4]

Experimental deployment extends validation methodology - controlled testing enables performance verification in production environments

Comprehensive metric calculation
Confusion matrix analysis

ROC and PR curves
Cross-validation

Statistical testing

Strategic Skills Mastered:

(4]

4]

[+]

]

[+

Metric selection for problems
Model comparison frameworks
Threshold optimization
Performance communication

Deployment decision-making

Remember:

(4]

4]

o

Validate comprehensively
Test statistically

Align with business
Communicate clearly

Deploy confidently

You can now validate models like a production engineer!
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The lteration Advantage: Why Speed Wins

The Winners Iterate Fast The Losers Deploy and Hope
Spotify: Traditional Approach:

@ Tens of thousands of experiments annually @ Build for 6 months

@ Test every feature before launch @ Launch to 100% users

@ 30% faster iteration than competitors @ Hope it works

@ Result: 500M+ users @ No measurement

@ No iteration

Netflix:

@ Al recommendation system saves $1B annually The Iteration Gap

@ A/B testing validates all improvements Industry Reality:

_90° i ;
 80% engagement from personalization @ 87-90% of ML projects never reach production

o Tests 250+ variations simultaneously Most that deploy: No iteration, no measurement

°
@ Majority lack A/B testing infrastructure
Amazon: @ Average: 2-3 experiments per year vs 50+
@ Tests every Ul change
Week 10 Mission
Transform you from “deploy and hope” to “test and learn”
@ "Our success is a function of experiments” practitioners who ship 50+ experiments annually.

@ lterates daily, not quarterly

@ 35% revenue from recommendations (McKinsey)

Experimental velocity correlates with innovation output - systematic testing infrastructure accelerates discovery rates

Machine Lea
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Why Deployed Models Decay Without Iteration

The Decay Curve
Typical Model Degradation:

@ Month 0: 90% accuracy (deployment)
@ Month 3: 87% accuracy (3% drop)
@ Month 6: 82% accuracy (9% drop)
@ Month 12: 75% accuracy (17% drop)
@ Month 18: 68% accuracy (24% drop)

Performance drops 15-30% per year without updates

Why This Happens:
@ User behavior changes
@ Competitor adaptations
@ Market dynamics shift
@ Seasonal patterns evolve
°

New product features launched

Machine Learning for Smarter Innovation

Root Causes
1. Concept Drift

@ User preferences change
@ P(Y|X) relationship shifts

@ Training data becomes stale

2. Data Distribution Shift
@ New user demographics
@ P(X) changes over time

@ Features no longer predictive

3. Competitive Response
@ Rivals launch better features
@ Users have higher expectations
@ Bar constantly rising
The Solution
Continuous iteration through A/B testing:
@ Weekly model updates
@ Feature experiments
@ Algorithm improvements

BSc-Level Course 4/1



From “Deploy and Hope” to “Test and Learn”

Old Mindset: Waterfall

Process:
@ Spend 6 months building
@ Launch to all users
© Cross fingers
@ Wait for complaints
© Emergency fix if broken
@ Repeat in 12 months

Problems:

@ High risk (all eggs in one basket)
Slow learning (feedback after 6 months)
No data (guessing what works)
Expensive failures

Competitor advantage grows

Success rate: 10-20%

New Mindset: Scientific Method
Process:

Form hypothesis (“X will improve Y")
Design experiment (A/B test)
Calculate sample size (power analysis)
Deploy to 5% users (low risk)
Measure results (data-driven)

Ship winners, kill losers

o000 C0CCOC

Repeat weekly

Benefits:
@ Low risk (gradual rollout)
@ Fast learning (results in days)
@ Data-driven (know what works)
@ Compound gains (many small wins)

@ Competitive edge (10imes iteration speed)

Success rate: 30-40%

Key insight: Most experiments “fail” (don’t beat control), but you

learn fast and iterate
BSc-Level Course
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A/B Testing Fundamentals: The Gold Standard

What is A/B Testing? Why Randomization Matters
Definition: Randomized controlled trial comparing two versions to Without randomization:
determine which performs better. @ Selection bias (power users in treatment)

Core Components: Confounding variables (time of day, device)

°
@ Control Group (A): Current system (baseline) @ Can't isolate causal effect
°

@ Treatment Group (B): New variant (challenger) Results are unreliable
© Random Assignment: Users split 50/50
With randomization:
@ Metric: What you're measuring (CTR, revenue) . .
@ Groups are statistically equivalent
@ Statistical Test: Determine if difference is real . .
Only difference is the treatment

°
Example: Recommendation Algorithm @ Causal interpretation valid
°

@ Control: Popularity-based (5% CTR) Results are trustworthy

Treatment: ML collaborative filtering

. i Key Requirements

Metric: Click-through rate . L

Sample size: Large enough for statistical power

Duration: 2 weeks

°
°
@ Users: 50,000 per group
: Randomization: Truly random assignment

°
@ Duration: Long enough to capture true behavior
°
Result: Treatment wins (6.2% CTR)
°

Isolation: No spillover between groups

@ Pre-registration: Hypothesis before experiment
A/B testing applies scientific method to product development - controlled experiments enable evidence-based decision-making

Machine Learning for Smarter Innovation BSc-Level Course 6/1



Real Success Stories: Data-Driven Wins

Booking.com Obama 2012 Campaign Google Search Ads
Experiment: Scarcity messaging Experiment: Email subject lines Experiment: 41 shades of blue
Hypothesis: Challenge: Question:
“Only 2 rooms left!" increases urgency and Raise $500M through email donations Which blue color for ad links maximizes
conversions clicks?
Test:

Test: @ 20 subject line variants Test:

@ Control: No scarcity message @ 41 blue color variants

e A/B/C/D.../T testing

@ Metric: Donation rate Metric: Click-through rate

Treatment: Real-time room count

°
o Recipients: 13M per variant @ Traffic: Billions of searches
°

°
@ Metric: Conversion rate
°

Users: 100K per group Duration: 3 weeks

Result:
Result: © Winner: “Hey" (simplest) Result:
@ 25% conversion lift @ 70% higher open rate @ Optimal blue found
@ $50M annual revenue impact o $500K extra per email 1% CTR improvement
@ Rolled out globally o 500+ experiments total $200M annual revenue

A Criticized but data-driven
Lesson: Small UX changes, massive impact

. Lesson: Intuition fails. Data wins. Test
when tested rigorously

everything. Lesson: At scale, tiny improvements = huge
value. Test obsessively.

Empirical evidence supersedes expert intuition - measured outcomes reveal truths hidden from qualitative assessment
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Real Failure Examples: The Cost of Not Testing

Knight Capital: $440M Loss Microsoft Tay Chatbot
What Happened: What Happened:
@ August 1, 2012: Deploy new trading algorithm @ March 2016: Launch Al chatbot on Twitter
@ No A/B test, no gradual rollout @ No gradual rollout, no guardrails
@ Bug: Bought high, sold low repeatedly @ Users exploited vulnerabilities
@ Duration: 45 minutes @ Within 16 hours: Racist, offensive tweets
o Loss: $440 million @ Outcome: Shut down, PR disaster
@ Outcome: Company bankrupt
What Should Have Been Done:
What Should Have Been Done: @ Beta test with controlled users
@ Shadow mode testing (parallel run) @ Content moderation safeguards
@ Canary deployment (1% traffic first) @ Incremental rollout (100 — 1K — 10K users)
o Kill switch (automatic rollback) @ Real-time monitoring and kill switch
@ Guardrail metrics (loss limits)

Lesson: Al in the wild requires safety testing

Lesson: High-stakes deployments demand rigorous testing Common Thread

Both failures share: (1) No gradual rollout, (2) No guardrails, (3)
No monitoring, (4) No rollback plan

Experimentation prevents catastrophic failures - systematic testing identifies risks before they manifest at scale
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The Experimentation Pyramid: Three Levels
B TestResults ‘ emporalStabilty Check Level 1: Speed
o - / Ship fast, iterate faster
\ /’\-\ /’/\ .
: \ / \/ — @ 50+ experiments per year
@ 1-2 week experiment duration
@ Automated analysis pipelines
@ Low friction deployment

Level 2: Safety
Guardrails prevent disasters
@ Revenue floor (don't lose money)

@ Latency ceiling (stay fast)
@ Error rate limits (don't break)

@ Automatic kill switches

Level 3: Learning

Extract insights, compound gains
@ Why did it win/lose?
@ What worked for which users?

@ How to generalize learnings?
@ Build institutional knowledge
BSc-Level Course
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When to A/B Test ML Models

Always A/B Test Sometimes A/B Test
1. New Model Deployment 6. UI/UX Changes
@ Replacing existing model @ Model recommendations display
@ High risk of regression @ Explanation text
@ Need causal validation @ Confidence thresholds shown to users
2. Algorithm Changes 7. Business Logic
@ Random Forest @ Ranking vs filtering
— XGBoost @ Diversity vs relevance
@ Content-based @ Personalization intensity
— collaborative filtering
@ Offline metrics don't predict online Don’t Bother A/B Testing
8. Bug Fixes
3. Feature Updates @ Obvious correctness issues
© Add new features @ Fix immediately, no test needed

@ Remove stale features
. . 9. Infrastructure Changes
@ Feature engineering changes )
@ Same model, faster serving

4. Hyperparameter Tuning @ No user-facing behavior change
@ Learning rate changes
Rule of Thumb

@ Regularization adjustments If change affects user experience or business metrics = A /B test it
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Week 10 Learning Objectives

Technical Skills
By end of week, you will:

Design statistically rigorous A/B tests for ML models

Calculate sample sizes and experiment duration (power
analysis)

Implement experiments in Python (scipy, PyMC3, bandits)
Interpret p-values, confidence intervals, effect sizes correctly
Apply Bayesian A/B testing for faster decisions

Use multi-armed bandits for real-time optimization

Identify and avoid common pitfalls (peeking, multiple testing)

©e00000C O©CFOC

Build experiment monitoring dashboards

Strategic Skills
You will master:

Formulating testable hypotheses
Choosing primary and guardrail metrics
Balancing speed and statistical rigor
Communicating results to stakeholders
Making confident deployment decisions
Building experimentation culture
Measuring long-term impact

Iterating systematically

Professional Outcomes

Design and run 50+ experiments annually
Avoid catastrophic deployment failures
Iterate 10imes faster than competitors
Build data-driven product culture

Become trusted voice in product decisions

Validation establishes baseline quality while experimentation drives continuous improvement - measurement enables optimization

Machine Lea

ing for Smarter Inn:
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Foundation Summary: Why lteration Wins

Key Concepts
1. Iteration Advantage

@ Winners (Spotify, Netflix) ship 1000+ experiments/year
@ Losers deploy once and hope

@ Speed of learning = competitive edge

2. Model Decay
@ Performance drops 15-30% annually without updates

@ Concept drift, distribution shift, competition

@ Solution: Continuous iteration

3. Experimentation Mindset
@ From "“deploy and hope” to “test and learn”

@ Scientific method: Hypothesis
— Test
— Learn

@ Most experiments “fail” but learning compounds

4. A/B Testing Fundamentals

@ Randomized controlled trials

@ Control vs treatment

Real-World Lessons
Success Stories:

@ Booking.com: 25% conversion lift from scarcity
@ Obama 2012: $500K per optimized email
@ Google: $200M from testing blue shades

Failure Examples:
@ Knight Capital: $440M loss (no testing)
@ Microsoft Tay: Shut down in 16 hours

@ Lesson: Gradual rollout + guardrails essential

The Experimentation Pyramid
@ Speed: Ship fast, iterate faster
@ Safety: Guardrails prevent disasters

@ Learning: Extract insights, compound gains

Next: Learn statistical techniques for rigorous A/B testing
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Hypothesis Formulation: The Starting Point

Anatomy of a Good Hypothesis
SMART Framework:

Specific: Clearly defined change
Measurable: Quantifiable outcome

°

°

@ Actionable: You can implement it

@ Relevant: Aligns with business goals
°

Time-bound: Experiment duration set

Good Example

Hypothesis: Switching from content-based to collaborative filtering
recommendations will increase click-through rate by at least 1
percentage point (from 5% to 6%) over a 2-week test period with
100,000 users.

Why good:
@ Specific change (CF algorithm)
@ Measurable outcome (CTR, 1 pp)
@ Actionable (can deploy CF)
@ Relevant (engagement goal)

@ Time-bound (2 weeks, 100K users)

Bad Examples
Vague: “New algorithm will be better”

@ Not specific (which algorithm?)
@ Not measurable (better how?)

@ Not time-bound

Unmeasurable: “Users will like recommendations more”
@ “Like" not quantified

@ No success criterion

Too ambitious: “Will 10imes revenue”
@ Unrealistic expectation

@ Sets up for disappointment

Null vs Alternative Hypothesis
Null (Ho): No difference between control and treatment
CTRireatment = CTRcontrol

Alternative (H1): Treatment is better
CTRireatment > CTReontrol (one-tailed)
CTRtreatment ?é CTReontrol (two—tailed)

Hypothesis pre-registration prevents post-hoc rationalization - documenting predictions before observing results ensures scientific integrity

Machine Learning for Smarter Innovation
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Sample Size Calculation: How Many Users?

Power Curves: Sample Size vs Detection Ability

08==A=f===== e LT e -—= -——-

°
>

Statistical Power
°
2

—— Effect: 1% — 6% CTR
—— Effect: 2% — 7% CTR
—— Effect: 5% — 10% CTR
—— Effect: 10% — 15% CTR
—— 80% Power Target

0 2000 4000 6000 8000 10000
Sample Size per Group

Key Parameters
1. Significance Level ()

@ Type | error rate (false positive)
@ Standard: 0.05 (5%)

@ Probability of detecting difference when none exists

2. Statistical Power (1 - 3)
@ Type Il error rate (false negative)
@ Standard: 0.80 (80%)

@ Probability of detecting true difference

3. Minimum Detectable Effect (MDE)
@ Smallest difference you care about

@ Example: 5%
— 6% CTR (1 pp absolute, 20% relative)

@ Smaller MDE needs larger sample

4. Baseline Metric
@ Current performance level

@ Variance affects sample size

Sample size determines statistical power - insufficient observations lead to inconclusive results regardless of analytical rigor

Machine Le:
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Randomization Strategies: More Than Just Coin Flips

Simple Randomization
Method: Coin flip per user (50/50)

Pros:
@ Easy to implement
@ Unbiased in expectation

@ Good for large samples

Cons:

@ Group sizes may differ

@ Imbalanced covariates possible

Stratified Randomization
Method: Balance within strata (device, region)

Example:
@ Split iOS users 50/50
@ Split Android users 50/50

@ Ensures device balance

Benefits:
@ Reduces variance

ontro onfoun
Machine Learning for S

Blocked Randomization
Method: Randomize within fixed blocks

Example:
@ Block 1: AABBA (2A, 2B)
@ Block 2: BAABB (2A, 2B)

@ Guarantees equal sizes
Use case: Sequential enrollment

Clustered Randomization
Method: Randomize groups, not individuals

Example:
@ User sessions (not individual actions)
@ Geographic regions (not cities)
@ Social networks (friends together)
Why:
@ Prevent contamination
@ Network effects

@ Administrative ease
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A/B Testing Math: Statistical Tests

Z-Test for Proportions
When: Binary outcome (click/no click)

Formula:
PB — PA
Z= 1 1
Pl =p)(5; + 75)
+ .
where p = % (pooled proportion)
Example:

@ Control: 500/10,000 clicked (5%)
@ Treatment: 620/10,000 clicked (6.2%)
© z =472 p < 0.001

@ Conclusion: Significant improvement

T-Test for Means
When: Continuous outcome (revenue, time)

Formula: _ _
XB — XA
t= ——
2 2
A 4 B
A ong

Use Welch’s t-test: Unequal variances OK

Machine Learning for Smarter Innovation

Confidence Intervals
95% ClI for difference:

(%5 — %a) £ 1.96 - SE

Interpretation:

@ If Cl excludes 0
— Significant
Cl shows practical range

More informative than p-value alone

Example:
@ Difference: 1.2 percentage points
@ 95% ClI: [0.8, 1.6]
@ Excludes 0

— Significant

Likely between 0.8-1.6pp lift

Effect Size
Cohen’s d: _ _
d= XB XA
Spooled
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Statistical Significance: Interpreting P-Values

Type | Eror: False Posiive ) TponErorvs Powsr What is a P-Value?
Definition: Probability of observing data this extreme if null
hypothesis were true.
NOT:
@ Probability null is true

Probabiliy Density
Probabilly Density

@ Probability you're wrong

Tt " @ Size of effect

E 0
Tost Statistc

Example:
e p=20.03

@ If no real difference exists, 3% chance of seeing this
result by luck

@ Since 3% < 5%, reject null

Type | vs Type Il Errors
Type | (False Positive):

@ Declare winner when none exists
@ Rate: a (typically 5%)
@ “Ship a loser”

Type Il (False Negative):

W P

BSc-Level Course
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Bayesian A/B Testing: Probability of Being Best

Postoror isions [ —— Bayesian Approach
- = tefees Instead of p-values:

o Calculate P(B > A)

Direct probability interpretation

Probabilty Density

°
@ Incorporate prior knowledge
°

No arbitrary 0.05 threshold

g z 3 0 0 C— “ 2o 0 2 s g
Conversion Rato (%) Rolative Lift (%)

Example:
o P(B > A) =097
@ 97% sure treatment is better

@ Can ship with 95% confidence

Advantages
@ Intuitive interpretation
o Earlier stopping (faster decisions)
@ Handles small samples better
@ Can update continuously
°

No “peeking problem”

When to Use

BSc-Level Course
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Understanding Confidence Intervals Through Repetition

95% Confidence Intervals: 30 Repeated Experiments What 95% Cl Means
(29730 capture true value (97%) Definition: If we repeated the experiment 100 times, 95 of
the intervals would contain the true value.

Key Insights:

@ Each experiment produces a different interval

»
8

True value is fixed (but unknown)

°
@ Some intervals miss (by design!)
°

Wider intervals = more uncertainty

Experiment Number

Common Misconceptions
Wrong: “95% chance true value is in this interval”

"

@ True value either is or isn't in it

@ It's about the procedure, not this interval

Right: “95% of intervals constructed this way contain the
true value”

0 === True Value (6.0%)

3 4 5 6 7 8 9
Conversion Rate (%)

Practical Use
@ If Cl includes 0: Not significant
@ If Cl excludes 0: Significant

@ Width shows precision of estimate
Repeated sampling visualization clarifies confidence interval interpretation - seeing multiple intervals reveals the procedure’s long-Féin 'behavior
Machine Le: i

ing for Smarter Inn:
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Sequential Testing: Early Stopping Wit

Sequential Testing Boundaries (a = 5% total)

—e— O'Brien-Fleming (Conservative early)

—=— Pocock (Constant)
—&— Naive (5% each look)

Z-score Threshold
IS

2 ‘____*___,____‘____.____.___::m_‘

1 2 3 4 5 6 7 8 9 10
Analysis Number

The Peeking Problem
Bad practice:

@ Check results daily
@ Stop when p < 0.05

@ False positive rate > 50%!

Why bad:
@ Multiple testing inflates o
@ Random fluctuations look significant

@ Results not reproducible

Sequential Testing Solution
Method: Alpha spending functions

@ Plan interim analyses (e.g., 25%, 50%, 75%, 100%)
@ Adjust « at each look

@ Control overall Type | error

O’Brien-Fleming:
@ Conservative early, liberal late
@ First look: o = 0.0005
@ Last look: o = 0.0455
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Multi-Armed Bandits: Exploration vs Exploitation

Round 10: Belief Distributions e Round 30: Belief Distributions . The Bandit Problem
T i il Scenario: Slot machines (arms) with unknown payouts.
Goal: Maximize total reward.

Trade-off:

@ Explore: Try arms to learn

@ Exploit: Use best-known arm

Conversion Rato (%) Conversion Rato (%)

Round 50: el Disrbutons Round 100: Bele Disrbutons Thompson Sampling
Algorithm:

@ Maintain Beta(a, ) for each arm
@ Sample from each distribution

@ Pick arm with highest sample

@ Update winner's distribution

Why it works:
@ Automatically balances exploration/exploitation
@ Converges to best arm

@ Minimizes regret

A/B Test vs Bandit
A/B Test:
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ndit Performance: Exploration vs Regret

Epsilon-Gready Exploration (s = 10%) Exploration Cost vs Optimal Strategy How Bandits Learn
A Left Panel: Cumulative Pulls

@ Initially: Explore all arms

Middle: Identify good arms

Gumultive Regret

°
@ End: Exploit best arm
°

Bad arms stop getting traffic

Right Panel: Regret
Regret: Total reward lost by not always picking best arm

Key Insight:
@ Regret grows logarithmically
@ Much slower than linear
@ Thompson Sampling is near-optimal

@ A/B test has linear regret

When to Use Bandits
@ High traffic (fast learning)
@ Multiple variants (> 3)
@ Cost of regret is high

@ Can tolerate adaptive allocation
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Causal Inference: Correlation is Not Causation

Directed Acyclic Graph: Randomization Breaks Confounding The Fundamental Problem
Correlation: X and Y move together

w Causation: X causes Y

Why different:

C @ @ Confounders (Z affects both X and Y)
@ Reverse causation (Y causes X)
@ @ Spurious correlation (coincidence)

Example: Ice Cream & Drowning

@ Correlation: High

Causation: None

—— Causal path = Mediation
—— Confounding (bias) Spurious association

°
@ Confounder: Hot weather
@ Weather causes both ice cream sales and swimming
(drowning risk)
Randomization Solves This
How:
@ Random assignment breaks confounding
@ Only difference is treatment

@ Can infer causation
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Multi-Objective Optimization: Trade-Offs

The Real-World Problem

Single metric is rare:
@ CTR vs revenue
@ Short-term vs long-term
@ Engagement vs satisfaction
°

Speed vs accuracy

Example: Recommendation algorithm
@ Control: Higher revenue, lower engagement
@ Treatment: Lower revenue, higher engagement
@ Which is better?

Solution 1: Primary + Guardrails
Method:

@ Primary: Metric you optimize (revenue)
@ Guardrails: Metrics that must not degrade
@ Example: Maximize revenue, but engagement must not drop
> 2%
Decision rule:

@ Ship if primary improves AND guardrails met

Solution 2: Weighted Utility
Method: Combine metrics into single score

U = w - revenue + w, - engagement

Example weights:
@ Revenue: 0.7 (70% weight)
@ Engagement: 0.3 (30% weight)
Challenge: Choosing weights
Solution 3: Pareto Frontier
Method: Find non-dominated solutions
@ Solution A dominates B if better on all metrics
@ Pareto frontier: Set of non-dominated solutions

@ Business decides among frontier

When to use:
@ Cannot agree on weights
@ Want to see trade-off space

@ Explore multiple strategies
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Technique Comparison: When to Use Each

Classical A/B Test Bayesian A/B Test Multi-Armed Bandit
When: When: When:
@ High traffic @ Need faster decisions @ Minimize regret
@ Need causal rigor @ Low traffic @ Continuous optimization
@ Low risk @ Can update continuously @ Many variants (A/B/C/D/E)
@ Regulatory requirements @ Prior knowledge exists @ Cost of losing high
@ Can wait for full sample @ Stakeholders prefer probabilities @ Real-time personalization
Pros: Pros: Pros:
@ Rigorous @ Intuitive (P(B > A)) @ Lowest regret
@ Well understood @ Earlier stopping @ Adaptive allocation
@ Easy to interpret @ Handles small samples @ Scales to many arms
@ Reproducible @ No peeking problem @ Always optimizing
Cons: Cons: Cons:
@ Slow (fixed duration) @ Prior selection subjective @ Less statistical rigor
@ Higher regret @ Less familiar to stakeholders @ Harder to interpret
@ Can't peek @ Requires Bayesian tooling @ Complex implementation
Example: Example: Example:
Majc_)r algorithm change, need 95% Startup with 1K daily users, need quick wins  Ad _creat_ive testing (50-variants), email

Machine Learning for Smarter Innovation BSc-Level Course




Production Experiment Infrastructure

Progressive Canary Rllout o Core Components
1. Traffic Splitting

@ Assign users to control/treatment

R}

& @ Consistent hashing (same user, same group)
& # @ 50/50, 90/10, or custom splits
e g e = )
Real-Time Guardrall Montoring 2. Feature Flags

@ Toggle experiments on/off
@ Gradual rollouts (1% — 5% — 25% — 100%)

@ Instant kill switch

3. Experiment Tracking
@ Log user assignment
@ Track metrics per group

@ Store for analysis

4. Analysis Pipeline
@ Automated statistical tests
@ Real-time dashboards

@ Alert on guardrail violations
Experiment infrastructure requires orchestration components - traffic splitting, feature flags, tracking, and analysis form_the core system

Machine Lea BSc-Level Course
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Python: Classical A/B Test

Classical A/B Test Implementation:

@ Import required libraries: scipy.stats, statsmodels

@ Define sample data: control and treatment groups
Calculate proportions for each group
Perform Z-test for proportions using proportions_ztest

Compare p-value to significance threshold (0.05)

Calculate and display key metrics:

Control rate, treatment rate
Lift percentage
Z-statistic and p-value

o
L]
L]
o Significance decision

Output Example
Sample Output:

@ Control: 0.050 (5.0% conversion)
Treatment: 0.062 (6.2% conversion)
Lift: 24.0% improvement

°
°
@ Z-statistic: 4.72
@ P-value: 0.0001
°

Result: Significant improvement!

Confidence Interval
Confidence Interval Calculation:

@ Import confint_proportions_2indep from
statsmodels

@ Calculate 95% confidence interval using Wald method

@ Parameters: treatment successes/total, control
successes/total

@ Output: lower and upper bounds of difference

Interpretation
If ClI excludes 0, treatment significantly better than control

Statistical libraries provide essential testing infrastructure - robust implementations enable reliable hypothesis evaluation
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Python: Bayesian A/B Testing with PyMC3

Bayesian A/B Test with PyMC3:
@ Import PyMC3 and numpy libraries
@ Define observed data: clicks and trials for groups A and B
@ Set up Bayesian model:

o Beta priors for conversion rates (non-informative)
o Binomial likelihoods for observed data
o Deterministic variable for difference (delta)

Sample from posterior distribution (2000 samples)

Calculate probability that B outperforms A

Direct probability statements without p-value confusion

Output
Bayesian Results:

@ P(B > A) = 0.997 (99.7% confidence)
@ Posterior mean delta: 0.012

@ 95% Credible Interval: [0.008, 0.016]

Interpretation
@ 99.7% probability B is better
@ Expected lift: 1.2 pp
@ 95% sure lift between 0.8-1.6pp
@ High confidence to ship

Advantages
@ Direct probability statements
@ No p-value confusion
@ Can stop early if P(B > A) > 0.95

@ Incorporates prior knowledge

Probabilistic inference enables faster experimental decisions - direct probability statements reduce interpretation overhead
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Python: Thompson Sampling Bandit

Thompson Sampling Bandit Implementation:

Class initialization with number of arms
Maintain success/failure counts per arm (Beta parameters)
Selection algorithm:

o Sample from Beta distribution for each arm
o Select arm with highest sample value

Update mechanism:

o Increment success count for reward = 1
o Increment failure count for reward = 0

Main loop: select arm, observe reward, update beliefs

Converges to optimal arm while balancing exploration

How It Works

1. Initialize:

@ Each arm: Beta(1, 1) = uniform prior

2. Select arm:
@ Sample from each Beta distribution

@ Pick arm with highest sample

3. Observe reward:
@ If success: a + 1

o If failure: 5+ 1
4. Repeat

Convergence
@ Best arm gets pulled more often
@ Exploration decreases over time

@ Minimizes cumulative regret

Use case: Ad creative testing (50 variants, continuous
optimization)

Probabilistic selection algorithms balance simplicity and effectiveness - sampling from posterior distributions automates exploration-exploitation trade-offs
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Python: Stratified Randomization with sklearn

Stratified Randomization Implementation:
@ Import StratifiedShuffleSplit from sklearn
@ Create user dataframe with stratification variables
@ Set up stratified split:

e 50/50 split between control and treatment
o Stratify by device type (iOS/Android)
o Use fixed random state for reproducibility

Apply split to create balanced groups

Verify stratification worked:

o Check device distribution in both groups
e Should be identical proportions

@ Can extend to multiple stratification variables

Output
Verification Results:

@ Control device distribution:

o i0S: 0.50 (50%)
o Android: 0.50 (50%)

@ Treatment device distribution:

o i0S: 0.50 (50%)
o Android: 0.50 (50%)

Why This Matters
Without stratification:

@ Control might be 55% iOS

@ Treatment might be 45% iOS
@ Device becomes confounder
°

Results biased

With stratification:
@ Both groups exactly 50% iOS
@ Device balanced

@ Removes confounding

Machine Learning for Smarter Innovation
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Python: Sequential Testing with Early Stopping

Sequential Testing with O’Brien-Fleming: Alpha Spending
Alpha Spending Schedule:

@ Look 1 (25%): alpha = 0.0005
Look 2 (50%): alpha = 0.0139
Look 3 (75%): alpha = 0.0303
Look 4 (100%): alpha = 0.0455

@ Import numpy and scipy.stats.norm
@ Define O'Brien-Fleming boundary function:

o Input: current analysis number (k), total analyses (K)
o Calculate alpha spending based on information fraction
o Conservative early, liberal late

Plan interim analyses (e.g., 25%, 50%, 75%, 100%)

@ For each analysis: Interpretation

o Calculate current p-value @ Very conservative early (00005)
o Compare to adjusted alpha threshold o More liberal late (0.0455)

o Stop if significant, continue otherwise ’

@ Total « still 0.05
°

Can stop early if clear winner

@ Maintains overall Type | error rate at 0.05
@ Enables early stopping without “peeking” penalty
Benefits
@ Valid p-values at each look
@ Can stop for futility (clear loser)
@ Faster decisions on average

@ Maintains Type | error control

Cost: Slightly larger sample needed vs-fixed design

Machine Learning for Smarter Innovation BSc-Level Course



Real-Time Experiment Monitoring

Experiments Launched

Monthly Experiment Velocity

2

Experiment Success Rate

~ = Targo 40%

Experiments by Category (6 months)

Procuct Pricing [ Markoting
Fealuros

May Jun

Average Experiment Duration

=3 Tota Tests
= wins

Intrasructure

Key Metrics to Monitor
Primary Metric:

@ Current estimate
@ Confidence interval
@ P-value or P(B > A)

@ Sample size achieved

Guardrail Metrics:
@ Revenue (must not drop > 2%)
@ Latency (p95 < 200ms)
@ Error rate (< 0.1%)

@ Automatic alerts if violated

Diagnostic Metrics:
@ Sample ratio mismatch
@ Traffic allocation balance
@ Novelty effects

@ Time-of-day patterns

Automated Actions

-Level Course



Common A/B Testing Pitfalls

Peeking Problem
What: Check results daily, stop when p <
0.05

Why bad:
@ Inflates false positive rate
@ Random fluctuations look significant
@ Not reproducible
Fix:
@ Wait for planned sample
@ Use sequential testing

@ Or Bayesian methods

Multiple Testing
What: Test 20 variants, report winner

Why bad:
@ 1 false positive expected

@ Winner likely spurious

Fix:

@ Bonferroni correction

Machine Learning for Smarter Innovation

Simpson’s Paradox
What: Treatment wins overall, loses in every
segment

Example:
@ iOS: Control 10%, Treatment 9%
@ Android: Control 8%, Treatment 7%
@ Overall: Treatment wins (imbalance in
device mix)
Fix:
@ Stratified randomization
@ Analyze by segment

@ Check for confounders

Novelty Effects
What: Users react to change itself, not
treatment
Signs:
@ Week 1: Treatment wins
@ Week 2: Effect shrinks

@ Week 3: No difference

Sample Ratio Mismatch
What: 50/50 split becomes 52/48

Causes:
@ Bot traffic
@ Implementation bugs
@ Sampling bias
Why bad:
@ Groups not comparable
@ Results invalid
Fix:
@ Monitor ratio daily
@ Investigate deviations

@ Filter bots

Ignoring Variance
What: Focus only on means, ignore spread

Why bad:
@ High variance = unreliable

Qme ers ba
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Production Deployment Patterns

Canary Release
Process:

@ Deploy to 1% users

@ Monitor for 24 hours
© If stable, 5%

@ Then 25%, 50%, 100%

When:
@ High-risk changes
@ New algorithms

@ Large refactors

Benefits:
@ Early error detection
@ Minimal blast radius

@ Easy rollback

Guardrails:
@ Error rate < 0.5%
@ Latency < baseline + 20%

@ Revenue > baseline - 5%
Machine Learning for Smarter Innovation

Blue-Green Deploy
Process:

@ Green: Current (100%)
@ Blue: New (0%)

@ Gradually shift traffic
@ Blue becomes 100%

When:
@ Infrastructure changes
@ Database migrations

@ Zero-downtime deploys

Benefits:
@ Instant rollback (flip traffic)
@ Both versions running

@ Compare metrics live

Challenges:
@ 2imes infrastructure cost
@ Data consistency

@ State management

Shadow Mode
Process:

@ Send traffic to both models
@ Serve old model to users
@ Log new model predictions

@ Compare offline

When:
@ Validating new model
@ Zero risk testing

@ Performance benchmarking

Benefits:
@ No user impact
@ Real traffic testing

@ Can run indefinitely

Use case:
@ Test before A/B test
@ Validate offline metrics

@ Check for‘bugs
BSc-Level Course 34/1



Implementation Summary & Best Practices

Implementation Checklist
Before Experiment:

Hypothesis pre-registered
Sample size calculated
Randomization strategy chosen
Guardrails defined

Monitoring dashboard ready
Kill switch tested

During Experiment:

Monitor metrics daily

Check sample ratio balance

Watch for guardrail violations

No peeking at p-values (unless sequential)

Document any issues

After Experiment:

Run statistical tests
Calculate confidence intervals

Check subgroup analyses

Python Tools Ecosystem
Statistical Testing:

@ scipy: t-tests, z-tests
@ statsmodels: Advanced tests, power analysis

@ PyMC3: Bayesian methods

Experimentation Platforms:
@ GrowthBook: Open-source, feature flags
@ Optimizely: Enterprise A/B testing
@ LaunchDarkly: Feature management
°

Firebase: Mobile experiments

Visualization:
@ matplotlib/seaborn: Static plots
@ Plotly: Interactive dashboards

@ Streamlit: Quick apps

Key Takeaways
@ Automate as much as possible

@ Monitor continuously

Machine Learning for Smarter Innovation
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Building Experimentation Culture: Leadership Principles

Jeff Bezos on Experimentation Characteristics of Strong Culture
“If you double the number of experiments you do per year, you're 1. Velocity:
going to double your inventiveness.”  50-100+ experiments per year

Amazon'’s Approach: @ 1-2 week experiment cycle
@ Experiments are default, not exception @ Automated pipelines

Ship fast, iterate faster 2. Psychological Safety:

Celebrate “failed” experiments (learning) o OK to propose “crazy” ideas

°

(]

© Data beats opinions @ No punishment for failed experiments
(-]

Everyone empowered to test @ Learn from mistakes openly

Google's Philosophy 3. Data Literacy:
'We're wrong a Io”t. Most experiments fail. That's OK—we learn o Understand p-values, Cl, effect sizes
fast and move on.

@ Know when to trust results
Key principles: Q . d findi
@ Question unexpected findings
@ 10-20% win rate is normal P €

@ Compound small wins (1% lift x 100 experiments) 4. Infrastructure:
@ Avoid HiPPO (Highest Paid Person’s Opinion) @ Feature flags in production
@ Test everything, assume nothing @ Real-time dashboards

@ 1-click deploy and rollback
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Metric Selection: North Star & Guardrails

Metric Tree: Hierarchical Decomposition North Star Metric
Definition: Single metric that captures long-term value
creation

Examples:
@ Spotify: Weekly active users
@ Netflix: Watch time per user
@ Airbnb: Nights booked

@ Amazon: Purchases per customer

Criteria:
@ Aligns with business model
@ Measurable in A/B tests
@ Leading indicator (not lagging)
°

Actionable by teams

®  North Star Metric Primary Metrics Secondary Metrics Guardrail Metrics

Guardrail Metrics
Purpose: Prevent optimization tunnel vision

Examples:
@ Revenue: Must not drop > 2%
@ Latency: p95 < 300ms
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Communicating Results to Stakeholders

For Executives
What they care about:

@ Bottom line impact

@ Risk level

@ Confidence level

@ Timeline
Example:
“Treatment increased revenue by 8% (95%
Cl: 5%-11%). Expected annual impact:

$2.4M. Recommend full rollout over 2
weeks. Risk: Low (guardrails passed).”

For Product Managers
What they care about:
@ User experience impact
@ Segment differences
@ Feature interactions
@ Next iterations

Example:
“Treatment improved CTR 15% for new

users, 5% for power users. iOS stronger than

Machine Learning for Smarter Innovation

For Engineers
What they care about:

@ Implementation details

@ Performance metrics

@ Technical challenges

@ Edge cases
Example:
“Model latency p95: 180ms (vs 150ms
baseline). Sample ratio 50.2/49.8
(acceptable). Bug in iOS < 13 handling

fixed day 3. Rerun analysis confirmed
results.”

For Data Scientists
What they care about:
@ Statistical rigor
@ Effect sizes
@ Confidence intervals
@ Methodology

Example:
“Z = 4.2, p < 0.001, Cohen’sd = 0.28

Universal Principles
Always include:

@ Hypothesis tested

@ Sample size achieved

@ Primary metric result + ClI

@ Guardrail metric status

@ Recommendation (ship/iterate/kill)

@ Rationale for recommendation

Visualization Tips
@ Show distributions, not just means
@ Include confidence intervals
@ Highlight guardrail bounds
@ Use color coding (green/yellow/red)

@ Keep it simple (no jargon)

Red Flags to Call Out
@ Sample ratio mismatch

@ Novelty effects
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Explaining Statistics to Non-Technical Stakeholders

P-Value Translation
Instead of:
“P-value is 0.03, so we reject the null hypothesis at « = 0.05.”

Say:

“If there were truly no difference, we'd see a result this extreme
only 3% of the time by random chance. Since that’s unlikely, we're
confident treatment is better.”

Confidence Interval Translation
Instead of:
“95% Cl: 1.2%-3.8%"

Say:
“We're 95% confident the true improvement is between 1.2% and
3.8%. Best estimate: 2.5%.”

Statistical Power Translation
Instead of:
“80% power to detect 0.5pp effect”

Say:
“If there's a real 0.5 percentage point improvement, we'll detect it
80% of the time. We might miss smaller improvements.”

Common Misunderstandings
Wrong: “P = 0.03 means 97% chance treatment is better”

@ P-value is NOT probability hypothesis is true

@ Use Bayesian methods for that

Wrong: “Significant = Important”
@ Statistical # Practical significance

@ 0.01% lift might be significant but meaningless

Wrong: “Not significant = No effect”
@ Absence of evidence # Evidence of absence

@ Might just need larger sample

Analogies That Work

Confidence Interval:

“Like a weather forecast: 70-80°F tomorrow means we're sure it
won't be 50° or 100°, but exact temp uncertain.”

Type 1/11 Errors:
“Fire alarm: False alarm (Type |) = evacuate unnecessarily. Missed
fire (Type Il) = danger goes undetected.”

Statistical literacy compounds across iterations - understanding accumulates faster than individual technique mastery

Machine Learning for Smarter Innovation
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Simpson's Paradox: Control Wins Overall!

Conversion Rate (%)

Machine Learning for Smarter Innovation

The Paradox
What happens:

@ Treatment wins in segment A
@ Treatment wins in segment B
@ Control wins overall!

Why: Imbalanced sample sizes across segments distort the
aggregate result.

Real Example
UC Berkeley Admission (1973):
@ Overall: Men 44%, Women 35% (bias?)

@ But in most departments: Women had higher admit
rate

@ Explanation: Women applied to harder departments

How to Detect
@ Always analyze by key segments
@ Check if segment sizes balanced
@ Use stratified randomization

@ Report both aggregate and segment results
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Decision Frameworks: Ship, lterate, or Kill?

Experiment Decision Framework

Strong Loss
(p<0.01, 10%)

(Lotamey 35058y ROLLBACK

Null
(p=0.3, +1%)

Marginal Win
(p=0.04, +3%)

Strong Win
(P<0.01, +15%)

(Always consider: Statistical significance + Practical significance + Guardrails)

Ship Criteria

All must be true:
@ Statistically significant (p < 0.05 or P(B > A) > 0.95)
@ Practically significant (effect size meaningful)
@ All guardrails passed
@ Benefit > cost (ROI positive)
@ Implementation ready
Example:

15% CTR lift, p = 0.001, $500K annual revenue, latency
OK, error rate OK — SHIP

Iterate Criteria
When to iterate:
@ Directionally positive but not significant
@ Significant but guardrail violated
@ Strong in 1 segment, weak in others
@ Good idea, poor execution
Example:

3% CTR lift, p = 0.12 (not sig), but iOS showed 8% lift (p
= 0.01) — ITERATE for iOS only

Decision criteria reduce deliberation overhead - pre-specified thresholds eliminate recursive argumentation

Machine Learning for Smarter Innovation
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Measuring Long-Term Impact: Beyond the Experiment

The Long-Term Challenge
Problem:

@ Experiments run 1-2 weeks
@ But true impact unfolds over months

@ Short-term vs long-term trade-offs

Example:
@ Treatment boosts Week 1 engagement +20%
@ Week 4: Back to baseline (novelty wore off)
@ Month 6: -5% (user fatigue)

Solution 1: Holdout Groups
Method:

@ Keep 10% of users in control forever
@ Compare treatment vs holdout over 6-12 months

@ Measure long-term metrics

Benefits:
@ Detect delayed effects
@ Catch cumulative degradation

@ Measure true business impact

Machine Learning for Smarter Innovation

Solution 2: Cohort Analysis
Method:

@ Track users by week of experiment entry

@ Compare Week 1, 2, 3 cohorts over time

@ Look for retention/engagement patterns
Example:

Week 1 cohort: 30-day retention 60%
Week 4 cohort: 30-day retention 55% — Novelty effect

Solution 3: Synthetic Controls

Method:
@ Find similar users not in experiment
@ Match on behavior pre-experiment

@ Compare long-term trajectories

Use case:
@ When holdout not feasible
@ Geographic experiments

@ Policy changes

Key Metrics to Track
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Ethical Experimentation: Do No Harm

Core Principles What NOT to Test
1. Informed Consent Unethical Experiments:
@ Users should know they're in experiments @ Intentionally degrade user experience

@ Privacy policy disclosure Manipulate emotions without consent

@ Opt-out mechanisms Test discriminatory policies

°

°
L @ Hide critical information
2. Minimize Harm
°

Exploit vulnerable populations

@ Don't test things that could hurt users
@ Set guardrails (revenue, UX, safety) Famous Missteps:
@ Monitor closely for negative effects @ Facebook emotion study (2014): Manipulated newsfeeds to
o Have Kill switch ready study emotional contagion without consent
@ OkCupid compatibility test: Lied about match scores to see
3. Fairness behavioral effects

@ Don't systematically disadvantage groups
. . Best Practices
@ Check for disparate impact
. @ Ethics review for sensitive experiments
@ Ensure equal treatment opportunity
Independent oversight for high-risk tests

4. Transparency User research panel for feedback

°

°
@ Document methodology @ Regular audits of experiment portfolio

°

° i i .
Share learnings internally Clear escalation paths for concerns

@ Be honest about failures
Machine Learning for Smarter Innovation BSc-Level Course 43/1



Experiment Velocity: The Compounding Effect

Why Velocity Matters
Scenario 1: Slow Team

@ 10 experiments per year
@ 30% win rate

@ 3 wins per year

@ Average lift per win: 5%

@ Annual improvement: 15% (additive)

Scenario 2: Fast Team
@ 100 experiments per year
@ 30% win rate (same)
@ 30 wins per year
@ Average lift per win: 1% (smaller but more)

@ Annual improvement: 35% (compounding)

The Math
(1.01)* = 1.35 (35% improvement)
Many small wins compound faster than few large wins

Google's approach: Would rather ship 100 experiments with 1%
lifts than 10 with 10% lifts

Machine Learning for Smarter Innovation

Bottlenecks to Address
1. Slow Implementation

@ Solution: Feature flags, modular code

@ Goal: Idea — live experiment in 2 days

2. Long Experiment Duration
@ Solution: Higher traffic, sequential testing

@ Goal: Results in 1-2 weeks max

3. Slow Analysis
@ Solution: Automated pipelines, dashboards

@ Goal: Results available real-time

4. Decision Paralysis
@ Solution: Clear criteria, empowered teams

@ Goal: Decision within 24 hours of results

Target Metrics
@ Experiments per engineer per quarter: 5-10
@ Average experiment duration: 1-2 weeks
@ Time to decision: 1-3 days
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Tools & Infrastructure for Experimentation at Scale

Open Source
GrowthBook

@ Feature flags + A/B testing
@ Bayesian statistics
@ SQL-based metrics

@ Self-hosted or cloud

Unleash
@ Feature toggle management
@ Gradual rollouts
@ Real-time updates

@ Lightweight

Statsig (Free tier)

@ Feature gates

@ Dynamic configs
@ Autotune
°

Built-in metrics

DIY Stack

@ Feature flags: Flagsmith, ConfigCat

Machine Learning for Smarter Innovation

Enterprise
Optimizely

@ Market leader

@ Full-stack experimentation
@ Visual editor
°

Expensive ($50K+-/year)

LaunchDarkly

@ Feature management focus
@ Targeting rules

@ Fast flag updates

@ Popular with DevOps

VWO

@ Web optimization

@ Heatmaps, session replay
@ A/B + multivariate
°

Marketing-friendly

Firebase A/B Testing
@ Mobile-first

Big Tech Internal
Google's Dapper

@ 1000s of concurrent experiments
@ Automated metrics computation
@ Novelty detection

@ Not public

Facebook’s Gatekeeper
@ Feature gating
@ Dynamic allocation
@ Layered experiments

@ Internal only

Build vs Buy
Buy (SaaS) if:

@ Small team (< 10 engineers)
@ Need to move fast

@ Standard use cases

Build (Custom) if:
@ Large scale’ (LM+ users)

BSc-Level Course




When to Use A/B Testing: Judgment Criteria

When to Use A/B Testing: Decision Framework

How should we validate
this change?

Nead cafisalrigor Need fastd decisions. Qualtative infights needed
Gan afford 12 week wait in eal-tme Rapid ferghon critical
Reversibip dacision Explorationfexpiofiation Early siape
suraipoutcome fimiaggon goal Obuious rovement

Additional Decision Factors

SKIP /8 Testing When:
bug fix or broken feature  Ship directly
* one-uay door decisior o LLrreversiaLe) . Hore ol idation nesdes (user research + protoe)
+Quatitatie auestion (‘y do users ¢ intervieus, usability testi
Wioh ik to users  Canary deploysent + nonitorin instead
ekt immediate.action = Ship with T, e S

“Regutatory/legat constraints ~ Con

USE A/B Testing when:
+ Measuroble outcome exists (CTR, conversion, revenue)
Reversible decision [Gan rolibock]
- unctea e option T (need aata)
otiers sted obfective evisen

st
* Production enviromsent required for reatisiic test
+Can afford 1-2 week experinent duration

BSc-Level Course
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Design & Culture Summary

Key Principles Strategic Insights
. Culture 5. Long-Term Thinking

@ Experiments are default, not exception @ Holdout groups for 6-12 month measurement
@ Psychological safety for “failed” tests @ Cohort analysis for retention
@ Data beats opinions (no HiPPO) @ Don't optimize away future value
@ Celebrate learning, not just wins 6. Ethics

2. Metrics @ Informed consent
@ North Star: Long-term value proxy @ Minimize harm
@ Guardrails: Prevent negative side effects @ Fairness across groups
@ Leading indicators, not lagging @ Transparency

3. Communication 7. Velocity
@ Tailor to audience (exec/PM/eng/DS) @ 50-100 experiments per year (target)
@ Always include Cl + effect size @ Compound small wins
@ Plain English, no jargon @ Reduce bottlenecks
@ Visual j numbers @ Automate everything possible

4. Decision-Making 8. Infrastructure
o Clear ship/iterate/kill criteria @ Feature flags in production
@ Fast decisions (within 24 hours) @ Real-time dashboards
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Workshop: E-Commerce Recommendation Engine Comparison

Your Challenge
Design and analyze an A/B test comparing 3 recommendation
algorithms for an e-commerce site with 100,000 daily users.
Why This Matters:

@ Real-world ML deployment decision

@ Multi-model comparison

@ Statistical rigor + business alignment

@ Portfolio project for interviews

Success Criteria:
@ Correct sample size calculation
@ Proper statistical tests applied
@ Guardrail metrics checked
@ Clear recommendation with rationale

@ Rollout plan with risk mitigation

What You'll Do

Design experiment (hypothesis, metrics, sample size)
Conduct power analysis (duration calculation)

Run simulation (3 models, 30K users)

Perform statistical analysis (t-tests, Bayesian)

Check guardrails (revenue, latency)

Make deployment decision (ship/iterate/kill)

Create rollout plan (1% — 100%)

e 000O0CGOC

Time: 60 minutes
Deliverable: Jupyter notebook
Format: Individual or pairs
Tools: Python (scipy, PyMC3)

Validation establishes baseline quality while iteration drives improvement - measurement cycles enable optimization

Machine Learning for Smarter Innovation
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Business Context & Baseline Performance

Current State
E-Commerce Site:

100,000 daily active users
1M product catalog
Average order value: $50

Revenue: $2M per day

Existing Recommendation System:

Algorithm: Popularity-based
CTR (click-through rate): 5.0%
Conversion rate: 2.0%

Revenue per user: $20

Latency: p95 = 150ms

Business Goal:

Increase engagement (CTR)
Maintain or improve conversion
Don't degrade revenue

Keep latency < 200ms

Machine Learning for Smarter Innovation

Candidate Algorithms
Model A: Collaborative Filtering (CF)

@ Offline CTR estimate: 6.2%
@ Conversion: 2.1% (expected)
@ Latency: 180ms

@ Complexity: Medium

Model B: Content-Based (CB)
@ Offline CTR estimate: 5.8%
@ Conversion: 2.0% (expected)
@ Latency: 160ms

@ Complexity: Low

Model C: Hybrid (CF + CB)
@ Offline CTR estimate: 6.5%
o Conversion: 2.2% (expected)
@ Latency: 190ms
@ Complexity: High

Key Question
Which model should we deploy?-Or should we iterate further?
BSc-Level Course 49/1



Task 1: Experiment Design (10 minutes)

Hypothesis Formulation
Task: Write 3 hypotheses (one per model)

Example (Model A - CF):

“Switching from popularity-based to collaborative filtering will
increase CTR by at least 1 percentage point (from 5% to 6%) over
a 2-week test with 100,000 users, without decreasing revenue per
user by more than 2%.”

Primary Metric
Choose one:

@ Click-through rate (CTR)
@ Conversion rate

@ Revenue per user
°

Engagement time

Recommendation: CTR
@ Most sensitive (changes fastest)
@ Leading indicator for conversion/revenue

@ Easier to detect statistically
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Guardrail Metrics
Task: Define guardrails

Recommended:
@ Revenue per user: Must not drop > 2%
@ Latency p95: Must stay < 200ms
@ Error rate: Must stay < 0.1%
@ Conversion rate: Must not drop > 0.2pp

Experimental Design
Traffic Allocation:

@ Control (Popularity): 25%
@ Treatment A (CF): 25%

@ Treatment B (CB): 25%

@ Treatment C (Hybrid): 25%

Randomization:
@ User-level (consistent experience)
@ Stratified by device (iOS/Android)

@ Hash-based assignment

Duration: TBD
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Task 2: Power Analysis (10 minutes)

Sample Size Calculation
Parameters:

@ Baseline CTR: 5% (p1)

@ Target CTR: 6% (p2)

© MDE (Minimum Detectable Effect): 1pp
o Significance level (a): 0.05

@ Statistical power (1 - 3): 0.80

Formula (proportions test):

_ (zap2 + 25)% - [p1(1 — p1) + p2(1 — p2)]

B (P2 — p1)?

Calculation:
@ zp.025 = 1.96, zp.20 = 0.84
@ n =~ 9,800 per group
@ 4 groups — 39,200 total users

Duration:
@ Daily users: 100,000
@ Required: 39,200

Machine Learning for Smarter Innovation

Python Implementation
Code structure (see notebook):

@ Import statsmodels.stats.power
@ Import numpy for calculations
@ Define baseline CTR: 0.05
@ Define target CTR: 0.06
@ Set alpha: 0.05, power: 0.80
o Calculate effect size (Cohen’s h)
@ Use zt_ind_solve_power function
@ Compute sample size per group
Expected Output
Sample size calculations:
@ Sample size per group: 9,800
@ Total sample needed: 39,200
@ Days needed: 0.39
@ Recommendation: Run for 14 days to capture weekly patterns

Key insight: Always run longer than statistical minimum to avoid
novelty effects and capture weekly seasonality

BSc-Level Course




Task 3: Simulation (15 minutes)

Generate Synthetic Data
Task: Simulate user interactions

Setup:
@ 30,000 users (more than minimum for confidence)
@ 7,500 per group

@ Bernoulli trials (click = 1, no click = 0)

True CTRs (ground truth):
o Control: 5.0%
@ Treatment A (CF): 6.2%
@ Treatment B (CB): 5.8%
@ Treatment C (Hybrid): 6.5%

Python Simulation Steps
Implementation (see notebook):

@ Import numpy, set random seed

Set n_per_group = 7500

o

@ Generate control clicks: binomial(1, 0.050, n)
@ Generate treatment_a: binomial(1, 0.062, n)
o

Generate treatment_b: binomial(1, 0.058, n)

Expected Output
Observed CTRs:

@ Control: 0.051

@ Treatment A: 0.061
@ Treatment B: 0.058
@ Treatment C: 0.066

Observations:
@ Slight variation from true CTR (sampling noise)

@ Treatment C highest (6.6%)
@ Treatment A second (6.1%)
@ Treatment B marginal (5.8%)

Add Guardrail Metrics
Simulate additional metrics:

@ Revenue per user: normal distribution
@ Control mean: $20, std: $5

@ Treatment A: $20.50, std: $5

@ Treatment B: $20, std: $5

@ Treatment C: $21, std: $5

BSc-Level Course
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Task 4: Statistical Analysis (15 minutes)

Classical Z-Test Bayesian Analysis
Task: Compare each treatment vs control Task: Calculate P(Treatment > Control)
Implementation steps: PyMC3 implementation:

@ Import proportions_ztest from statsmodels @ Import pymc3, create model context

@ For each treatment (A, B, C):

Create count array: [treatment.sum(), control.sum()]
Create nobs array: [len(treatment), len(control)]
Run proportions_ztest(count, nobs)

Extract z-statistic and p-value

Compare p-value to alpha = 0.05

@ Print results with interpretation

Expected Results:
@ A vs Control: p < 0.001 (significant)

@ B vs Control: p & 0.08 (not significant) °

@ C vs Control: p < 0.001 (significant) °

Define Beta(1,1) priors for p_control
Define Beta(1,1) priors for p_treatment_c
Add Binomial likelihood for control

Add Binomial likelihood for treatment_c
Sample posterior with 2000 draws
Calculate probability: treatment > control

Compute mean of boolean comparison

Expected Result:

P(C > Control) = 0.998
Interpretation: 99.8% confidence C is better

Convergence
Both frequentist (z-test) and Bayesian methods agree: Treatment
C is the clear winner

Methodological convergence strengthens conclusions - independent analytical approaches yielding consistent results increase confidence

Machine Lea

ing for Smarter Inn:
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Task 5: Guardrail Check & Decision (10 minutes)

Guardrail Metrics Check Decision Matrix
Task: Verify all guardrails passed Model CTR Rev & Lat  Sig? Decision
Treatment C (Hybrid) - Winner Candidate: Control 5.0% Baseline - Baseline
. CF (A) 6.1% Pass Yes  Consider
Check 1: CTR Lift CB (B) 5.8% Pass No Kill
@ ctr_control = control.mean() Hybrid (C)  6.6% Pass Yes SHIP

@ ctr_c = treatment_c.mean()
Final Recommendation

o lift = (ctrc / ctr_control - 1) * 100 Ship Treatment C (Hybrid)
@ Result: 29% lift

Rationale:
Check 2: Revenue o Highest CTR: 6.6% (29% lift)
@ rev_control = revenue_control.mean() @ Statistically significant (p < 0.001)
@ rev_c = revenue_c.mean() @ Bayesian: 99.8% confidence
@ rev_change = (rev_c / rev_control - 1) * 100 @ All guardrails passed:
@ Threshold: Must be > -2% o Revenue: +5% (> -2% threshold)
o Restc 5% (PASSED) 7 Loy, 1soms (< 20m)
Check 3: Latency @ Expected annual value: $3.6M additional revenue

@ latency_c = 190ms
@ Threshold: < 200ms
@ Result: PASSED

Machine Learning for Smarter Innovation BSc-Level Course 54/1
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Task 6: Rollout Plan (5 minutes)

Gradual Rollout Strategy
Phase 1: Canary (Days 1-2)

@ Deploy to 1% of users

@ Monitor error rate, latency, revenue
@ |If stable after 24 hours — proceed
°

Kill switch ready

Phase 2: Expansion (Days 3-5)
° 1% — 5% — 25%
@ Each step: 24-hour monitoring
@ Check guardrails at each step

@ If any guardrail violated — rollback

Phase 3: Majority (Days 6-10)
@ 25% — 50% — 100%
@ Maintain 10% holdout for long-term measurement

@ Monitor cohort retention over 30 days

Phase 4: Holdout Analysis (Days 11-40)
@ Compare 90% treatment vs 10% control

@ Measure 30-day retention, LTV

Machine Learning for Smarter Innovation

Monitoring Dashboard
Real-Time Metrics:

@ CTR (hourly)

@ Revenue per user (daily)

@ Latency p50/p95/p99 (5-min intervals)
@ Error rate (1-min intervals)

@ Traffic distribution (control vs treatment)

Rollback Criteria
Immediate rollback if:

@ Error rate > 0.5% (5 baseline)
@ Latency p95 > 250ms (sustained 10 min)
@ Revenue per user drops > 10%

@ User complaints spike > 50/hour

Investigate if:
@ CTR plateaus or decreases
@ Revenue flat despite CTR increase

@ Latency creeps above 200ms

BSc-Level Course



Workshop Takeaways & Course Conclusion

Week 10 Key Lessons

1. lteration is competitive advantage
@ Winners ship 100+ experiments/year
@ Losers deploy once and hope

@ Velocity X win rate = innovation speed

2. Rigorous A/B testing prevents disasters
@ Randomization enables causal inference
@ Statistical significance # practical significance

@ Always include guardrails

3. Bayesian methods accelerate learning
@ P(B > A) more intuitive than p-values
@ Earlier stopping possible

@ Incorporates prior knowledge

4. Culture trumps tools
@ Psychological safety for “failed” experiments
@ Data beats opinions

@ Fast decisions, slow reversions

Machine Learning for Smarter Innovation

Full Course Journey
10 Weeks, Complete ML Innovation Loop:

Empathize (Weeks 1-3):
@ Clustering for user segmentation

@ NLP for emotional context

Define (Week 4):
@ Classification for problem framing

Ideate (Week 5):

@ Topic modeling for idea generation

Prototype (Week 6):
@ Generative Al for rapid prototyping

Test (Weeks 7-9):
@ Responsible Al (ethics)
@ Structured outputs (reliability)

@ Multi-metric validation (rigor)

Iterate (Week 10):
@ A/B testing for continuous improvement
BSc-Level Course 56/



The Continu

The Iteration Cycle: Never Stop Learning

OBSERVE
Metric Degradation

DECIDE
Ship/iterate/Stop

CONTINUOUS
IMPROVEMENT
LOOP

Machine Learning for Smarter Innovation

t Loop: Never Stop lterating

The 6-Stage Cycle

1. Observe

@ Monitor metrics
@ Listen to users

@ Watch competitors

. Hypothesize

@ Form testable predictions

@ lIdentify risks

. Design

@ Plan experiment
@ Calculate sample size

@ Define guardrails

. Implement

@ Deploy test infrastructure

@ Monitor in real-time

. Analyze

@ Run statistical tests

BSc-Level Course



Next Steps: Your A/B Testing Journey

Immediate Actions
1. Complete the Workshop (Today)

Open the Jupyter notebook
Run all 6 tasks end-to-end
Document your decision rationale

Share results with peers

2. Practice on Your Project (This Week)

3. Build Experimentation Culture (This Month)

Identify ML model to test
Design A/B test with guardrails
Calculate required sample size

Implement monitoring dashboard

Run 1 experiment per week minimum
Document learnings systematically
Share results with stakeholders

Celebrate “failed” experiments

Long-Term Mastery
4. Advanced Topics to Explore:

Multi-armed bandits (adaptive allocation)
Sequential testing (early stopping)
Network effects & interference

°

°

@ Long-term holdout analysis

@ Variance reduction techniques
°

Heterogeneous treatment effects

Resources
@ Book: “Trustworthy Online Experiments” (Kohavi et al.)
@ Tool: GrowthBook (open-source A/B platform)
@ Course: Stanford CS329S (ML Systems Design)
o

Community: Experiment Results Forum

Your Competitive Edge
You now know how to iterate 10X faster than peers who lack A/B
testing skills. Use this advantage wisely.

Sustained experimentation drives innovation capacity - systematic testing infrastructure transforms how organizations evolve

Machine Learning for Smarter Innovation
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Machine Learning in Finance: Theory & Applications

A Mathematical Foundation for Financial ML

Advanced Course in Quantitative Finance

4-Hour Comprehensive Workshop



Program Overview: 4-Hour Journey Through ML Finance

@ Machine Learning Foundations
e Statistical Learning Theory

© Supervised Learning Methods
0 Unsupervised Learning Methods
© Risk & Portfolio Management
@ Algorithmic Trading & Pricing
@ Credit Risk & Fraud Detection

© Ethics, Regulation & Future

From Theory to Trading Floor

ML Finance Theory Mathematical Foundations & Applications



Part 1: Machine Learning Foundations

Theory, Mathematics, and Finance Applications




The $10 Trillion ML Revolution in Finance

+ 75% of trades algorithmic
+ 40% cost reduction in ops

Machine Learning in Finance: $10 Trillion Market Impact
Key Statistics

Core Technologies
« Deep Learning * XGBoost
+ Reinforcement Learning * NLP
i i
Tradmmcutlon Risk ment Portfoliomramagement
$25008 $1800B (Emizston $2100B
[Loan Approval]
KYC . Ince
Fraud & pllance
$15008B $800B $13008B
Annual Growth Rates 67%
N 52%
a5% 38% 1%

(gf“ S &
ML Finance Theory

X &
Mathematical Foundations & Applications




Formal Definition: What is Machine Learning?

Tom Mitchell’s Definition (1997)

A computer program learns from:
o Experience E with respect to
o Task T and
o Performance measure P

if its performance at task T, as measured by P, improves with
experience E.

Finance Example:

E: Historical stock prices

T: Predict tomorrow's return
P: Sharpe ratio of predictions

Mathematical View

Learn function f : X — Y
Given training set:

D = {(xi, yi) Y1

Find:

n
f = argmin Z L(yi, f(xi)) + AR(f)
fer 9
where:
o L: Loss function
@ R: Regularization term

@ \: Regularization strength

ML Finance Theory Mathematical Foundations & Applications



Machine Learning vs Traditional Finance Models

Traditional Finance Machine Learning
Black-Scholes-Merton (1973) Neural Network Pricing
C = S®(dy) — Ke™ T d(dy) € = NN(So, K, T, Gimpl, Greeks, ...)
@ Strong assumptions o Data-driven discovery
@ Closed-form solutions @ Non-parametric
@ Model-driven o Flexible architecture
o Limited parameters e High-dimensional
@ Interpretable @ Accurate but opaque
Limitations: Advantages:
@ Assumes log-normal returns o Captures market microstructure
o Constant volatility o Adapts to regime changes
@ No transaction costs @ Includes all observables
o Perfect markets o Learns from anomalies

ML Finance Theory Mathematical Foundations & Applications



Three Paradigms of Machine Learning

Supervised

{06,y = F
Finance Applications:

Credit scoring
Stock prediction
Fraud detection
Option pricing

Key Algorithms:
Random Forest
XGBoost

Neural Networks

Unsupervised

{xi}/=, — Structure

Finance Applications:
Portfolio clustering
Anomaly detection
Risk factors
Market regimes

Key Algorithms:
K-means
PCA/ICA

Autoencoders

Reinforcement

(st,at, re,Sep1) = 7°

Finance Applications:
Portfolio optimization
Execution strategies
Market making
Hedging

Key Algorithms:
Q-Learning
PPO
A3C

ML Finance Theory
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The Machine Learning Pipeline in Finance

ML Finance Theory

Market Data

<

Preprocessing

I< Feature Engineering

< Train/Val /Test Split

AT=--0
Model Training

rerfit
Validation

AT -kl
Testing

Production Ready?

Hyperparameter Tuning

< Live Trading

Critical: 70/15/15 Split for Financial Time Series

Mathematical Foundations & Applications




Loss Functions: The Optimization Objective

Regression Losses Finance-Specific Losses
Mean Squared Error (MSE): Sharpe Ratio Loss:
E[Rp]

1¢ 612 L = el
Lyse = o Zl(yi - i) Sharpe Var[R,]
P

Mean Absolute Error (MAE): Maximum Drawdown:

Py
1 n . LMDD = max 1 - —
Lmae = - > i — 3l t€[0,7] maXsepo, e Ps
i=1

Directional Accuracy:
Huber Loss (Robust):

1~ . PR
Ls(y.9) = Ly —9)? ifly —p| <6 Lpa=—= ;H‘[s'gn(y;) = sign(9)]
’ Sly — 9| — 362 otherwise =
Profit & Loss:
Quantile Loss (VaR):

n
Lpp=—» 9i-ri
Ly = ZPT(YI - ) =t

i

where r; is actual return

oz (u) = u(r — ¥, o

L Finance Theory Mathematical Foundations & Applications
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The Bias-Variance Decomposition

Fundamental ML Theorem

For squared loss, the expected error decomposes as:

E[(y — f(x))’] = Bias’[f(x)] + Varlf ()] + o2

Underfitting Overfitting ~ Irreducible
where: Model Complexity & Error
~ ~ 1 T T T T
BIaS[f(X)] = E[f(X)] — f(X) —— Training Error
~ ~ A > ——  Test Error
Var[f(x)] = E[(f(x) — E[f(x)])?] 0.8 -
o2 = Varle]
0.6 N
. . 5
Finance Interpretation: =
o Bias: Systematic pricing errors 041
o Variance: Model instability
o Noise: Market microstructure o2 i
0 | | | |
0 2 4 6 8 10

Model Complexity

ML Finance Theory Mathematical Foundations & Applications



Part 2: Statistical Learning Theory

Mathematical Foundations for Financial ML




Probability Theory: The Language of Uncertainty

Core Concepts Financial Applications
Random Variable: Return Distribution:
X:Q—R
R_Pt*Ptfle( 2)
Expectation: t = 7Pt—l o, o
E[X] = /oo xfx (x)dx Portfolio Variance:
o 0,2, =w'Tw
Variance:
) ) ) where ¥ is covariance matrix
Var[X] = E[(X — E[X])"] = E[X"] — (E[X]) Value at Risk (95%):
Covariance: P(L > VaRg.95) = 0.05
Cov(X,Y) =E[(X — ux)(Y — ny)] Kelly Criterion:
Correlation: N b+1)—1
COV(X, Y) f* = u
pX)Yy = ——— b
oxXoy

where f* = optimal fraction to bet

ML Finance Theory Mathematical Foundations & Applications



Bayes' Theorem: Updating Beliefs with Data

Fundamental Formula

Components:

e P(H): Prior probability
P(D|H): Likelihood
P(H|D): Posterior probability

P(D): Evidence (normalizing constant)

Expanded Form:

P(D|H;)P(H;)

PUHIDY = S b(bIH)P(H)

P(D[H) - P(H)

P(HID) = == 55

Finance Example: Fraud Detection

Given:
@ P(Fraud) = 0.001 (prior)
@ P(Alert—Fraud) = 0.95
@ P(Alert—Normal) = 0.02
Find: P(Fraud—Alert)

Solution:
0.95 x 0.001
P(F|A) =
0.95 x 0.001 + 0.02 x 0.999
0.00095
= = 0.045 = 4.5%
0.02093

ML Finance Theory
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Statistical Inference: From Sample to Population

Maximum Likelihood Bayesian Inference
Given data D = {xi, ..., xn} Posterior Distribution:

Likelihood Function:
P(8ID)  p(D]9) - p(6)

L(6|D) = H p(xil6) Conjugate Priors:
o Beta-Binomial
Log-Likelihood: @ Normal-Normal
n o Gamma-Poisson
£(0) = Z log p(xi|0) Black-Litterman Model: Combine market equilibrium
=1 (prior) with views (likelihood):

MLE Estimate: _
X E[R|views] = [(TZ)*1 T PTQ*P]
OmLe = arg max £(0)

o x [(72)—1n + PTQ—lo]
Example: Normal Returns

ML Finance Theory Mathematical Foundations & Applications



PAC Learning: Probably Approximately Correct

Learning Guarantees

A learning algorithm is PAC if:
Given:

o Error parameter € > 0
o Confidence parameter § > 0
o Training sample size m

It outputs hypothesis h such that:
Plerror(h) < €] >1—4

mzl(|n|7{|+|nl>
€ 0

Sample Complexity Bound:

where |H| is hypothesis space size

Finance Interpretation: Example: Trading Strategy
@ e Maximum tolerable error (e.g., 5% mispricing) e Want: 95% confidence
@ §: Risk of failure (e.g., 1% chance) e Max error: 2%
@ m: Required historical data @ Hypothesis space: 1000 strategies

o Need: m > ﬁ(ln 1000 + In 100) =~ 689 samples

ML Finance Theory Mathematical Foundations & Applications



Vapnik-Chervonenkis (VC) Dimension

Capacity of Learning Algorithms

Definition: The VC dimension of hypothesis class H is the maximum number of points that can be shattered (classified
in all possible ways) by H.

Examp|es: VC Dimension: Shattering Capability
o Linear classifiers in RY: VC = d 41 " " Wl .
.
o Decision trees depth k: VC = 2k . . o
@ Neural networks: VC oc #parameters . oo . . .
Generalization Bound: With probability 1 — 4: T e e e e

Trading Strategy Complexity:
R(h) < R(h) + \/d(ln(2m/d) +1) +In(4/9) o Simple MA crossover: VC ~ 3
m o Multi-factor model: VC =~ 20
o Deep neural network: VC =~ 10,000
Warning: Higher VC = More overfitting risk!

where:
@ R(h): True risk
o R(h): Empirical risk
e d: VC dimension

ML Finance Theory Mathematical Foundations & Applications



Information Theory in Machine Learning

Core Measures Finance Applications
Entropy (Uncertainty): Portfolio Diversification:
H(X) = — Z p(x) log, p(x) H(portfolio) = — Z w; log w;
X 1
Cross-Entropy (Loss): Maximum entropy = equal weights
Market Efficiency:
— |
; P(x) log q(x) I(Signal; Returns) ~ 0
KL Divergence: Efficient markets have low MI
Model Selection (AIC):
Dy (pllg) = Z p(x) |0g ) AIC = 2k — 2In(L)

where k = number of parameters

Mutual Information:
Active Information Ratio:

1(X;Y) ZP(X y)log (();3}8/) IR = g = +/Breadth x [C2

X,y

ML Finance Theory Mathematical Foundations & Applications



Part 3: Supervised Learning Methods

Prediction and Classification in Finance




Linear Methods: The Foundation

Linear Regression Family

Ordinary Least Squares: Finance Applications:

R T LoT Factor Models:
B=(X'X)"" X"y

k
min [ly — X813 Rie=ai+ ) BijFje+ei
j=1

Ridge R i L2):
idge Regression (L2) Risk Premia Estimation: Fama-MacBeth regression

Bridge = (XTX+A)"1xTy Elastic Net (Best of Both):
. min — XB|13+ A + A 2
mén||y—Xﬁ||§+A|\ﬂ|\§ tinly = XBII2 + AallBll + A=l18]12
LASSO (L1): Useful for correlated predictors

min [ly — XBI15 + MBI

No closed form - use coordinate descent

ML Finance Theory Mathematical Foundations & Applications



Support Vector Machines: Maximum Margin Classification

Optimization Problem
Primal Form:

1
min7||w\|2
w,b 2

s.t. y,‘(WTX,‘ +b)>1,Vi

Dual Form:

1
Lz vy X
max E a,—2 E QiOGYiYiX; Xj
1

i.J

s.t. aj > O,Za,‘y,' =0

i

Kernel Trick:

K(xi, %) = ¢(xi) T d(x;)

Common kernels:
e RBF: K(x,z) = e—llx=2II?
o Polynomial: K(x,z) = (xTz+ c)?

ML Finance Theory

Mathematical Foundations & Applications

SVM: i Margin Cl for Credit Risk
® Class1
® Class2 .
—— Decision Boundary ° @ 7
o] == warain . d .’).

IS

Feature 2 (e.g., Income)

3 a 5
Feature 1 (e.g., Debt Ratio)

Credit Default Application:
Features: Financial ratios
Target: Default/No default
Kernel: RBF for non-linearity

Result: 92% accuracy




Tree-Based Methods: From Single Trees to Forests

Decision Trees Ensemble Methods
Splitting Criterion: Random Forest:
Gini Impurity: p @ Bootstrap samples
G — Z pe(1 = pr) @ Random feature subsets
k=1 @ Average predictions
Information Gain: Gradient Boosting:
n:
IG = H(parent) — » ~ —L H(child;) F(x) = Fmn_1(x) + Ymhm(x)
—~ n
J
where hp, fits residuals
CART Algorithm: XGBoost Objective:
@ Find best split N
@ Partition data L= Z 1o 1) + ;Q(fk)
© Recurse on children 1
© Prune tree Q(f) =~T+ §>\||WH2

ML Finance Theory Mathematical Foundations & Applications



Neural Networks: Universal Function Approximators

Architecture and Learning

Forward Propagation: Finance Applications:
Option Pricing NN:
N — win -1 ]
zi=WHa +b o Input: S,K, T,r,o
all = gl e Hidden: 3 layers, 100 units

Output: Option price
o Loss: MSE vs Black-Scholes
oL 9L iyt . S . .
Wil = 301 -a Universal Approximation: Any continuous function
z on compact set can be approximated to arbitrary

Update Rule (SGD): accuracy
Regularization:

Backpropagation:

wlil — wll — o oL o Dropout: p=0.5
owll .
o L2 weight decay
Activation Functions: o Early stopping
o RelLU: max(0, x)
e Sigmoid: He%

X

e—e”
] :
Tanh P

ML Finance Theory Mathematical Foundations & Applications



Part 4: Unsupervised Learning

Discovering Structure in Financial Data




PCA for Factor Analysis

Eigenportfolios and Risk Factors

Finance Applications:

Factor Models:

Covariance Matrix Decomposition:

o Fama-French 3-factor model
Y =VAVT o Statistical arbitrage
where V contains eigenvectors (factor loadings), A contains ® Risk attribution
eigenvalues (factor variances). o Portfolio hedging
Principal Components as Factors: Advantages:
K o Dimensionality reduction (1000 stocks -; 10
Rie = BijFjt+ei factors)
j=1 @ Interpretable risk sources
Variance Explained: o Computational efficiency
. o Noise filtering
Explained = Z;‘)zl Ai Limitations:
i1 Ai @ Linear assumptions
Typical Results: @ Unstable in crisis periods
o First 3 PCs explain 60-80% of equity return variance @ Ignores tail dependencies

o PC1: Market factor (beta)
o PC2: Size factor

ML Finance Theory

Mathematical Foundations & Applications



Hierarchical Risk Parity (HRP)

Clustering-Based Portfolio Construction vs Traditional Markowitz:
Algorithm Steps: Metric MVO  HRP
@ Compute correlation matrix from returns Stability Low High
Hi hical cl . P Turnover High Low
@ Hierarchical clustering of assets Out-sample Sharpe 04 06
© Recursive bisection of dendrogram Max Drawdown -35%  -22%

@ Inverse-variance weighting within clusters Why HRP Works:

Weight Formula:

1/02 o Clustering identifies natural asset groups
Pl At N . .
Wi = S 1/02 @ Hierarchical structure captures market
j€cluster =/ 7 organization
Cluster Allocation: 1 o Diversification across and within clusters
w, X —5—— N .
cluster 2| . @ Reduces estimation error impact
Cluster
Applications:

Key Properties:

@ Stable to estimation error ® Multi-asset allocation

. . . @ Pension fund management
@ No matrix inversion required

@ Accounts for hierarchical structure ° Risk parity strategies

@ Robust to outliers

ML Finance Theory Mathematical Foundations & Applications



K-means for Market Regime Detection

Identifying Market States Trading Applications:
. . Regime-Dependent Strategies:
Feature Engineering:
o ) o Bull: Long-only momentum
@ Volatility: Rolling 20-day std . .
o Bear: Defensive hedging
o Momentum: 60-day return . .
. o Consolidation: Mean reversion
o Volume: Relative to 90-day average

. . Crisis: Risk-off positioning
o Correlation: Cross-asset correlation .
i Performance Metrics:
Clustering Process:

Approach Sharpe

K

. 2 Static strategy 0.5
min E E ||Xt - Nk” Regime-aware 0.9
SRR ooyt

Implementation:

Typical Regimes Discovered: o sklearn.cluster. K Means

© Bull Market: Low vol, positive momentum, low correlation o Weekly regime updates

@ Bear Market: High vol, negative momentum, high correlation o 3-5 regimes typical

© Consolidation: Medium vol, low momentum, medium

. @ Combine with HMMs for transitions
correlation

@ Crisis: Extreme vol, negative momentum, correlation -; 1

ML Finance Theory Mathematical Foundations & Applications



Anomaly Detection in Trading

Identifying Unusual Market Behavior Real-World Example:
2010 Flash Crash Detection:
One-Class SVM Approach:

@ Normal: SPY volatility 15-25%
o1 1 . o ; 0
min EHWH2 —pt — fo o May 6, 2010: Volatility spike to 150%
s vn = @ Anomaly score: 12 std deviations

ot WT¢)(X,') > o ¢ o Duration: 5 minutes
N Detection Metrics:

Isolation Forest: .
o Precision: 95% (few false alarms)

@ Random feature selection .
@ Recall: 88% (catches most anomalies)

@ Random split values
P o Latency: j 100ms detection time
ML Techniques:

@ Autoencoders for reconstruction error

o Anomaly score: Average path length
o Faster than distance-based methods

Applications: .
PP . @ LSTM for temporal anomalies
@ Flash crashes: Detect abnormal price movements . L.
. ) @ lIsolation Forest for multivariate
@ Fat finger errors: Identify erroneous orders
Ensemble methods for robustness

© Market manipulation: Spot pump-and-dump schemes

@ System failures: Data feed anomalies

ML Finance Theory Mathematical Foundations & Applications



Part 5: Risk & Portfolio Management

ML-Enhanced Risk Analytics




Value at Risk (VaR): Three Approaches

Risk Measurement Fundamentals
Definition:
P(L > VaRa) =«

a-quantile of loss distribution (typically & = 0.05 or 0.01)
1. Historical VaR:

o Use empirical quantile from historical data

@ VaRp.05 = 5th percentile of returns

@ Non-parametric, distribution-free

@ Assumes past predicts future

2. Parametric VaR (Gaussian):
VaRy = p + 07 1(a)
where ®~1 is inverse normal CDF
3. Monte Carlo VaR:
@ Simulate 10,000+ scenarios
o Estimate empirical quantile

o Flexible for complex portfolios

ML-Enhanced VaR:
GARCH-based VaR:

2 _ 2 2
o =w+tae_; + o
Time-varying volatility improves accuracy
Quantile Regression:

mﬁin z,: pa(ri — x B)

where pa (u) = u(a —¥u<o)

Directly estimates quantiles without distributional
assumptions

Comparative Performance:

Method Coverage Violations
Historical 95.2% 48/1000
Gaussian 92.8% 72/1000
GARCH 94.8% 52/1000
Quantile RF 95.1% 49/1000

ML Finance Theory Mathematical Foundations & Applications



Conditional VaR (Expected Shortfall)

CVaR: Coherent Risk Measure Why CVaR ; VaR:
. Advantages:
Definition:
CVaRy = E[L|L > VaR4] o Captures tail risk severity

Coh t risk
Average loss beyond VaR threshold ¢ fonherent risk measure

Mathematical Properties: o Sub-additive (diversification)
o Sub-additivity: CVaR(X + Y) < CVaR(X) + CVaR(Y) ® Optimization-friendly

o Monotonicity: X < Y = CVaR(X) < CVaR(Y) VaR Limitations:

o Positive homogeneity: CVaR(AX) = ACVaR(X) ® Not sub-additive

o Translation invariance: CVaR(X + ¢) = CVaR(X) + ¢

Optimization Form:

@ Ignores tail losses

o Multiple local minima

1 Example: Portfolio Loss
CVaR, = mtin {t + S E[max(L — t, O)]} @ VaRg 05: -$1M (95th percentile)
o CVaRp.05: -$2.5M (avg beyond VaR)
Enables portfolio optimization with CVaR constraints o Tail risk: CVaR captures 2.5x worse scenarios
Regulatory Adoption:
o Basel Il prefers ES over VaR
o Better capital adequacy

Captures tail dependencies

[*]
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ML-Based Stress Testing

Scenario Generation and Analysis gtress Testing Framework:
teps:

Traditional Stress Testing:
g @ Define risk factors (rates, spreads, FX)

o Historical scenarios (2008 crisis, COVID-19)
o Hypothetical shocks (43 std vol, -20% market)

o Reverse stress testing (find breaking point)

@ Generate stressed scenarios
© Revalue portfolio under stress

@ Measure impact on P&L, VaR, capital
ML-Enhanced Approaches:

1. VAE Scenario Generation: Example Scenarios:

Scenari Portfolio L
z N(O, I), X = Decoder(z) cenario ortfolio Loss
Rate +200bp ~$15M
i i Equity -30% -$45M
Generate plausible but unseen market scenarios 15000 Sasm
2. GAN Stress Scenarios: Combinea (ML) Sam

@ Train on crisis periods ML Advantages:

o Generate extreme but realistic scenarios . . .
@ Discovers non-obvious correlations

o Capture tail dependencies . .
o Generates tail scenarios

3. Random Forest Sensitivity: o Faster than Monte Carlo

o Feature importance for risk drivers .
@ Learns from recent crises

o Partial dependence plots

@ Interaction effects

ML Finance Theory Mathematical Foundations & Applications



GARCH Models for Volatility Forecasting

Time-Varying Volatility Models ML Hybrid Approaches:
Neural Network GARCH:

GARCH(1,1) Specification:
af = NN(Ct—l, ceey €t—p, Ot—1;5- - - ,Ut—q)

re = [+ €, € =o0tzt, Zt ~,/\/(0,1)
Learns nonlinear volatility dynamics

of =w+aet_y + P07, LSTM-GARCH:

Parameters: o Captures long-memory effects

o w: Baseline variance (long-run vol)
o a: ARCH effect (shock impact)
o (3: GARCH effect (persistence)

o Handles regime switches
@ Outperforms standard GARCH
Forecast Performance (S&P 500):

@ Stationarity: a+8< 1
) Model RMSE MAE
Extensions: GARCH(1,1) 2.8% 1.9%
o EGARCH: Exponential (leverage effects) EGARCH 26%  1.8%
LSTM-GARCH  22%  1.5%
o GJR-GARCH: Asymmetric (bad news ; good news)
o DCC-GARCH: Dynamic conditional correlation Applications:
Maximum Likelihood Estimation: @ Option pricing (implied vol)
- , e Risk management (VaR forecasting)
1 1 € . . e e
00) = — Zlog(27) — = | 2y _ Ot @ Portfolio allocation (volatility timing)
(6) = 3 |5 toe(2r) —  log(e) — 725

t—=1
ML Finance Theory
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Part 6: Algorithmic Trading

ML on the Trading Floor




Alpha Signal Generation with ML

Predictive Trading Signals
Signal Definition:
ajr = E[R; 11| Fe] — rr
Excess return prediction conditional on information set
Feature Engineering:
@ Technical: Moving averages, RSI, MACD, volume
o Fundamental: P/E, P/B, EPS growth, margins
@ Alternative: Sentiment, news, satellite data
o Market micro: Bid-ask spread, order imbalance
ML Models for Alpha:
© Random Forest: Feature interactions, non-linearity
@ XGBoost: State-of-art for tabular data
© LSTM: Sequential dependencies, momentum

@ Transformer: Attention over time series

Signal Quality Metrics:
Information Coefficient (IC):

IC = Corr(at, Re+1)

Information Ratio:

_ Mean(a)

IR = ———— = IC x VBreadth
Std(«)

Typical Performance:

Metric Value
IC (monthly) 0.05-0.08
IR (annual) 0.8-1.2
Sharpe 1.5-2.0
Hit rate 52-54%

Signal Combination:
Qcombined = § Wi
i

Ensemble of multiple signals improves robustness

ML Finance Theory Mathematical Foundations & Applications



Optimal Execution Algorithms

Minimizing Market Impact ML-Enhanced Execution:
. Deep Reinforcement Learning:
Execution Cost Components: . .
o State: Order book, inventory, time

Total Cost = Spread + Impact + Timing Risk o Action: Trade size at each time step

VWAP (Volume-Weighted Average Price): ® Reward: -Cost - A x Risk

o Policy: DDPG, PPO algorithms
VWAP — M Performance vs Benchmarks:
Zt Vt
Strategy Slippage (bps)
Match historical volume profile VWAP 8.2
TWAP (Time-Weighted Average Price): TWAP 95
IS (Almgren-Chriss) 6.8
Q Deep RL 5.4
gt = —, fort=1,...,T
T Advantages:
Uniform time slicing @ Adapts to market conditions
Implementation Shortfall (Almgren-Chriss): o Learns optimal urgency
min E[Cost] 4+ A Var[Cost] o Handles constraints dynamically
{q:}

Optimal Trade Schedule:

ML Finance Theory ) Mathematical Foundations & Applications



Market Making and HFT Microstructure

Providing Liquidity for Profit High-Frequency Strategies:
R Statistical Arbitrage:

Market Making Problem: . L

@ Mean reversion at millisecond scale

E[PnL] — A Var[PnL i i i
517’].‘;%1,( [PnL] ar[PnL] o Cointegration pairs
o Lead-lag relationships
subject to inventory constraints o Cross-venue arbitrage

Bid-Ask Spread Optimization: .
ML Techniques:

6bd = 5o — Pbid7 5%k = pask _ 5, @ LSTM: Order flow prediction

Inventory Management: @ CNN: Limit order book patterns
@ RL: Optimal quoting strategies
«a
qf = _ﬁ o Transformers: Multi-asset dependencies
Performance Metrics:
where a = alpha signal, v = risk aversion

Order Book Forecasting: Metric Value
Sharpe Ratio 5-15
P, = f(LOBg¢, Trades¢, Features Latency ilms

AL ( b b t) Prediction R®  0.15-0.25

Fill rate 85-95%

ML Features:

@ Order book imbalance

clonted Mmid
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Part 7: Credit & Fraud

Protecting Financial Systems




Credit Scoring: From FICO to Machine Learning

Probability of Default Modeling Medel Comparison:

Traditional FICO Score: Model AUC  Gini
e Payment history: 35% FICO 072 044
o Amounts owed: 30% ;Ziljgrcn Forest g:;i 8:22
o Length of history: 15% éffp"ﬁsﬁ, g:gg Sj;‘;

o Credit mix: 10%
o New credit: 10%

Linear scorecard: 300-850 range
Logistic Regression Baseline:

Alternative Data:
@ Mobile phone usage patterns
@ Social media activity

L @ Transaction history

PD=—
1+ e (BotBTX)

@ Geolocation data

Regulatory Considerations:
where X includes debt-to-income, payment history, utilization o Model explainability (GDPR, ECOA)

ML Enhancements: . .
) . . o Fairness constraints
o Random Forest: Non-linear interactions . .
L @ Adverse action notices
o XGBoost: Best predictive performance L .
i o Validation requirements
o Neural Networks: Deep feature learning

o Ensemble: Combine multiple models

ML Finance Theory Mathematical Foundations & Applications



Loss Given Default (LGD) and Recovery Modeling

Expected Loss Framework Feature Engineering:
. Borrower Characteristics:
Expected Loss Decomposition:
@ Industry sector

EL = EAD x PD x LGD o Firm size, leverage

o Credit rating history
o EAD: Exposure at Default

o PD: Probability of Default

o LGD: Loss Given Default (1 - Recovery Rate)
LGD Modeling Challenges:

o Bimodal distribution (full loss or high recovery)

o Limited default data

o Management quality
Loan Characteristics:
@ Seniority (secured vs unsecured)
o Collateral type and quality
o Loan-to-value ratio
o Covenants and protections

o Collateral valuation uncertainty M ic Conditi
acroeconomic Conditions:

E i le d denci
e Economic cycle dependencies o GDP growth, unemployment
ML Approaches:

O Two-stage: Logistic (default?) + Regression (LGD)

@ Beta regression: LGD € (0,1) naturally

@ Interest rate environment
@ Sectoral stress indicators

Typical LGD Estimates:
© Quantile regression: Estimate LGD distribution

@ Survival analysis: Time-to-recovery modeling

Loan Type LGD

ML Finance Theory Mathematical Foundations & Applications



Fraud Detection with ML

Real-Time Transaction Monitoring
Fraud Detection Pipeline:

© Feature extraction from transaction

@ Real-time scoring (j 100ms)

© Rule engine + ML model ensemble

@ Human review for high-risk cases
Key Features:

@ Transaction: Amount, location, merchant, time

o Behavioral: Deviation from normal patterns

o Historical: Past fraud, dispute history

@ Network: Graph-based (connected accounts)
Class Imbalance Problem:

o Fraud rate: 0.1-0.5% of transactions

o SMOTE oversampling for minority class

o Cost-sensitive learning (FP vs FN)

@ Precision-recall optimization

ML Techniques:
Supervised Models:

o Random Forest: Feature interactions

o XGBoost: Best precision-recall

@ Neural Networks: Deep patterns
Unsupervised Anomaly:

o Isolation Forest

@ One-class SVM

o Autoencoders (reconstruction error)

Performance Metrics:

Model Precision Recall
Rules only 45% 62%
Logistic 68% 75%
XGBoost 82% 84%
Ensemble 85% 86%

Business Impact:
o Reduced false positives (better CX)
o Faster detection (lower losses)

o Adaptive to new fraud patterns

ML Finance Theory Mathematical Foundations & Applications



Part 8: Ethics & Regulation

Responsible Al in Finance




Model Risk Management: SR 11-7 Framework

Federal Reserve Supervisory Guidance
SR 11-7 Requirements:

© Model Development: Documentation, assumptions,
limitations

@ Model Validation: Independent review, backtesting

© Model Governance: Approval, monitoring, controls
Three Lines of Defense:

o 1st Line: Model developers and users

@ 2nd Line: Model risk management function

o 3rd Line: Internal audit
Validation Components:

@ Conceptual soundness review

@ Ongoing monitoring (champion-challenger)

@ Outcomes analysis (backtesting)

@ Stress testing and scenario analysis

ML-Specific Challenges:
Black Box Problem:

@ Deep networks lack interpretability

o Regulatory explainability requirements

@ Need for model-agnostic explanations
Mitigation Strategies:

o SHAP values for feature importance

@ LIME for local explanations

o Attention visualization

o Simplified surrogate models
Documentation Requirements:

o Training data provenance

o Hyperparameter selection rationale

@ Performance metrics (in/out-sample)

o Limitations and failure modes

o Monitoring thresholds
Annual Review Mandate:

@ Performance degradation checks

ML Finance Theory Mathematical Foundations & Applications



Explainability and Fairness Requirements

MIFID Il, GDPR, and ECOA Compliance
Right to Explanation (GDPR Article 22):

@ Automated decisions require human review

@ Meaningful information about logic

o Consequences of processing

o Applies to EU customers
Equal Credit Opportunity Act (ECOA):

@ Prohibits discrimination on protected attributes

@ Adverse action notices required

@ Must provide specific reasons for denial
Fairness Metrics:

Demographic Parity: P(Y =1|A=0)=P(Y =1]A=1)

Equal Opportunity: P(Y =1]Y =1,A=0)=P(Y =1|Y

Trade-offs: Impossible to satisfy all fairness criteria
simultaneously (Chouldechova impossibility theorem)

ML Finance Theory

Explainability Techniques:
Global Explanations:

o Feature importance rankings
o Partial dependence plots
@ Model-agnostic summaries
Local Explanations:
o SHAP values for individual predictions
@ LIME: Local linear approximations
o Counterfactual examples
Bias Mitigation:
@ Pre-processing: Reweighting, resampling
@ In-processing: Fairness constraints
© Post-processing: Threshold optimization
—1A= Model Cards:
@ Intended use and limitations
o Training data characteristics

@ Performance across subgroups

o Fairness metrics

Mathematical Foundations & Applications



Algorithmic Trading Regulation

MIFID Il and Market Abuse Regulation ML Compliance Challenges:
Risks:
MiFID Il Requirements: . .
. . . L o Inadvertent market manipulation
o Algo trading registration and authorization
@ Flash crashes from feedback loops
@ Pre- and post-trade controls i o
. . o @ Unintended discrimination
o Kill switches and circuit breakers .
. . @ Model brittleness
o Audit trail for 5 years .
Best Practices:
@ Annual self-assessment

Market Abuse Regulation (MAR):

@ Prohibition of market manipulation

@ Robust validation framework
o Continuous monitoring

. L @ Human oversight requirements
o Layering, spoofing illegal .
. ] . o Graceful degradation
@ Insider trading detection
. . . Regulatory Technology (RegTech):
@ Suspicious transaction reporting (STR) . o
. . o Automated compliance monitoring
Testing Requirements: .
. . @ NLP for regulatory change detection
o Development environment testing . . .
. o ML for suspicious activity detection
o Conformance testing (exchange rules) . . .
. . o Real-time reporting automation
@ Stress testing under extreme conditions
) . . . Future Trends:
o Kill switch functionality L
o Global regulatory harmonization

ML Finance Theory Mathematical Foundations & Applications



Appendix: Mathematical Foundations

Proofs, Derivations, and Advanced Theory




Black-Scholes Derivation

From Stochastic Calculus to Option Pricing
Stock Price Dynamics:
dSt = uStdt + O'Stth

Ito’s Lemma Application:

of of 1 o2f of
df = [ — + pS— + Z6%52—— ) dt + oS —dW,
(ar+“ a5 " 2° 852) g

Risk-Neutral Valuation:

Solution (European Call):
C = Sod(dy) — Ke T d(dn)

where:
_ In(So/K) + (r + a?/2)T

db=d —oVT
oVT 2o

di
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Optimization Theory: KKT Conditions

Karush-Kuhn-Tucker Conditions
For optimization problem:
minf(x) st gi(x) <0, hij(x)=0
X
KKT conditions (necessary for optimality):
@ Stationarity: Vf(x*) + 32, AiVgi(x*) + 32, 1;Vhj(x*) =0
@ Primal feasibility: gj(x*) <0, h;j(x*) =0
© Dual feasibility: A\; >0
@ Complementary slackness: \jgi(x*) =0

Application: Portfolio Optimization with Constraints

ML Finance Theory Mathematical Foundations & Applications



Thank You

Questions & Discussion

Contact: finance.ml@university.edu
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