Machine Learning for Smarter Innovation

BSc-Level Course

Machine Learning for Smarter Inn; BSc-Level Course




Overview

Machine Le: BSc-Level Course

ning for Smarter Innov.




Part 1: Foundation

Advanced Pattern Discovery in the Innovation Journey




The Innovation Diamond: Week 2 Context

Building on Week 1's Foundation with Advanced Techniques

charts/innovation_diamond_complete.pdf
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Where We Are: Week 2 in the Innovation Journey

Advanced Clustering & Empathy - Deepening Pattern Discovery

Weeks 1-3: Empathize

® Week 1: Basic clustering

@ Week 2: Advanced clustering

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

@ Classification & problem framing
Week 5: Ideate

@ Topic modeling & idea generation

Weeks 6-10: Prototype, Test, Iterate

By the end of today:

Master 4 clustering algorithms
Choose right technique for problem
Handle complex data patterns
Build multi-faceted personas
Understand trade-offs

Apply to real innovation data

Diamond Connection:
Advanced techniques reveal innovation patterns that basic
methods miss

Progressive skill development builds analytical capability - foundational methods enable advanced techniques, not replace them
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From Chaos to Clarity: The Power of Clustering

charts/clustering_evolution.pdf
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The Advanced Pattern Discovery Challenge

Why Basic Clustering Isn't Always Enough

K-means works well, but... Expanded toolkit enables:
o Assumes spherical clusters o Any cluster shape (DBSCAN)
@ Requires knowing K upfront o Automatic K discovery
o Sensitive to outliers o Robust outlier handling
o Misses complex shapes o Multi-level patterns (Hierarchical)
o Can't handle varying densities o Probabilistic membership (GMM)
Innovation Reality: Diamond Benefit:
Real innovation patterns are messy, non-spherical, Reveals hidden innovation opportunities in complex
and multi-scale data

Question: What innovation patterns are you missing with basic clustering?

Algorithmic assumptions constrain discovery - recognizing when methods fail reveals which alternative approaches enable breakthrough insights
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Multiple Lenses on the Same Innovation Space

Different Algorithms Reveal Different Patterns

charts/clustering_comparison.pdf
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Why Advanced Clustering for Innovation Discovery?

Powering the Diamond’s Pattern Recognition Engine

Advanced clustering enables:

o Multi-perspective analysis
See innovation space from multiple angles

o Complex pattern discovery
Find non-obvious innovation clusters

o Adaptive segmentation

Let data reveal its natural structure charts/user_segmentation_main.pdf

o Robust outlier detection
Identify breakthrough innovations

o Hierarchical understanding
See innovation at multiple scales

o Uncertainty quantification
Know confidence in classifications

Diamond Advantage:
Moving from 5000 ideas to 5 strategic solutions
requires sophisticated pattern recognition
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Choosing Your Algorithm: Diamond Navigation Guide

Match Technique to Innovation Discovery Goal

Innovation Goal Algorithm Why? Output Diamond Phase
Market segments K-means Fast, balanced 3-7 segments Expand — Analyze
Breakthrough ideas DBSCAN Finds outliers Dense + outliers  Analyze deep

Hierarchical Multi-level Tree structure Analyze — Converge
Hybrid personas GMM Soft boundaries  Probabilistic Converge

Ask yourself: Pro strategy:

@ Known number of segments? — K-means @ Start with Hierarchical (explore)

@ Unknown structure? — DBSCAN @ Use DBSCAN (find structure)

@ Need hierarchy? — Hierarchical © Apply K-means (balanced groups)

@ Overlapping groups? — GMM Q@ Refine with GMM (soft boundaries)

Systematic algorithm selection prevents over-engineering simple problems or under-powering complex ones - match method to innovation discovery goal
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Evolution: From Assumptions to Multi-Algorithm Insights

Mapping Progress Through the Innovation Diamond

charts/empathy_evolution.pdf
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Today's Learning Journey Through Diamond

Technical Mastery: Diamond Integration:

© DBSCAN Algorithm
Density-based pattern discovery

@ Hierarchical Clustering @ |dentify complex innovation patterns
Multi-scale innovation taxonomy @ Apply multiple analytical lenses

@ Gaussian Mixture Models @ Detect breakthrough opportunities
Probabilistic segmentation @ Build hierarchical understanding

@ Algorithm Selection
Choosing the right tool

@ Evaluation Metrics

Comparing clustering quality Create sophisticated personas

Map multi-level user journeys

Identify edge case opportunities

Handle ambiguous segments

Technical proficiency without application context produces unused capability - mastery requires equal depth in methods and their practical deployment
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Real-World Impact: Diamond Success Stories

How Advanced Clustering Powers Innovation

Netflix Spotify Amazon
charts/clustering_comparison.pdf charts/persona profiles.pdf charts/journey comparison.
Hierarchical + GMM K-means + DBSCAN GMM + Hierarchical
Journey: 10 genres — 76,897 Journey: "Listeners” — 5 distinct Journey: Demographics — behavioral
micro-genres personas + outliers micro-segments
Method: Multiple algorithms combined Method: Complementary algorithms Method: Probabilistic + taxonomy
Result: 75% views from personalization Result: 40% engagement increase Result: 35% revenue from ML

Common Pattern: All use MULTIPLE clustering algorithms to navigate their
Innovation Diamond

Method combination beats single-algorithm approaches - complementary techniques reveal patterns each method alone misses
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Week 2 Strategy: Your Advanced Diamond Toolkit

From Single Method to Multi-Algorithm Mastery

This Week’s Transformation

What you could do: What you will do:
o Run K-means clustering o Apply 4+ clustering algorithms
o Find K using elbow method @ Choose optimal technique
@ Calculate silhouette scores o Handle complex data patterns
o Create basic personas o Detect outliers & anomalies
o Interpret clusters o Build multi-faceted personas
Diamond Phase: Diamond Phase:
Initial pattern discovery Sophisticated pattern recognition

Outcome: Navigate the Innovation Diamond with professional-grade analytical
tools
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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!

Clustering is like:
@ Sorting laundry by color
@ Organizing books by topic
@ Grouping friends by interests
@ Arranging apps by category
Key principle:
Similar things belong together

ML advantage:
Finds patterns you didn't know ex-
charts/chaos_to_clarity.pdf isted
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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
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K-Means Clustering

The Workhorse Algorithm (Part 2)

The Iteration Dance - Finding Natural Groups

Calculate distance to all centers, assign
each point to nearest center, forms initial
clusters

Distance metric: Usually Euclidean
(straight line)

Calculate mean position for each cluster,
move center to mean, centers drift to den-
sity

Why mean? Minimizes total distance
(mathematical optimum)

Repeat steps 3-4 until centers stop mov-
ing (usually 5-10 iterations)
Convergence: Centers stabilize, clusters
finalized
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The Goldilocks Problem: How Many Clusters?

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

charts/too_few_clusters.pdf charts/just_right_clusters.pds charts/too_many_clusters.pdf
Oversimplification, mixed segments, lost Clear segments, actionable insights, man- Overfitting, tiny segments, analysis paral-
details, generic insights ageable complexity, distinct patterns ysis, no strategy possible
Useless for innovation! Perfect for action!

Rule of Thumb: Start with K = y/n/2 where n is your sample size

BSc-Level Course
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The Elbow Method: Finding Optimal K

A Data-Driven Approach to Choosing Clusters

The Process:
Q TryK=1,23,..10
@ Measure "inertia” (total distance)
© Plot the curve
@ Find the "elbow” point

What is inertia?

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

charts/elbow_method.pdf Where adding more clusters doesn’t help much

In this example:

K = 4 is optimal
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Distance Metrics: How We Measure " Closeness”

Different Ways to Calculate Similarity

charts/distance_metrics_comparison.pdf
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Evaluation Metric: Silhouette Score

Measuring How Well-Separated Your Clusters Are

Measures: Cohesion (closeness within clus-
ter) vs Separation (distance from other
clusters)

Score range: -1 to +1

Interpretation: >0.7 Strong, 0.5-0.7 Rea-
sonable, 0.25-0.5 Weak, <0.25 Poor

Our score: 0.73 Excellent!

charts/silhouette_analysis.pdf
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DBSCAN: When Circles Don't Work

Density-Based Clustering for Complex Patterns

Special: Finds any shape, no K needed, identifies outliers,
handles noise

How: Looks for dense regions, connects nearby points, ex-
pands naturally, marks sparse as noise

Use for: Geographic data, network analysis, anomaly detec-
tion, complex patterns

charts/dbscan_vs_kmeans.pdf
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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
Hierarchical Slow Any No Moderate  Organization taxonomy
GMM Medium Elliptical Yes Moderate Mixed populations

Need fast results, data has clear groups, you know approximate K,
groups are similar size, or just exploring

Clusters have weird shapes, you have outliers, don't know K, density
varies, or 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)
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When to Use Which Clustering Algorithm: Judgment Criteria

charts/clustering_algorithm_decision.pdf
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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

Step 1: Analyze cluster characteristics
@ Common features
@ Behavioral patterns
@ Pain points
Step 2: Build personas
@ Name the archetype
charts/innovation_archetypes.pdf . .
@ 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
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Innovation Opportunity Heat Map

Where to Focus Your Innovation Efforts

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

charts/opportunity_heatmap.pdf
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Design Priority Matrix: Where to Start

Balancing Impact and Effort for Smart Innovation

charts/design_priority_matrix.pdf

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!
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Cluster-Specific Innovation Journeys

Different Paths for Different Innovation Types

Disruptive (Red):

@ Fast adoption curve

@ High initial resistance

@ Exponential growth
Incremental (Blue):

@ Steady progression

@ Low resistance
charts/journey_map_clusters.pdf e Linear growth
Platform (Green):

@ Network effects

@ Slow start, fast scale

@ Community-driven

Design implication:
Each needs different support!
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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
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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
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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

Advanced Techniques:
@ Deep dive into DBSCAN
@ Gaussian Mixture Models
@ Spectral clustering
@ Online clustering
Real Applications:
@ Customer segmentation
charts/week2_preview.pdf o Market analysis
@ Fraud detection
@ Recommendation systems
You’ll Build:
@ Dynamic clustering pipeline
@ Real-time segmentation

@ Adaptive personas
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Resources for Deeper Learning

Continue Your Clustering Journey

Online Courses:

@ Coursera ML Course

@ Fast.ai Practical ML

@ Google's ML Crash Course
Interactive:

@ Kaggle Learn

@ DataCamp

@ Google Colab notebooks

Python Libraries:

scikit-learn
pandas
numpy

matplotlib

GUI Tools:

Orange3
KNIME
RapidMiner
Weka

Key Papers:
©® MacQueen (1967) K-means
@ Ester (1996) DBSCAN
@ Rousseeuw (1987) Silhouette
Books:
@ Pattern Recognition (Bishop)

@ Elements of Statistical
Learning

@ Hands-On ML (Géron)

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
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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
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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!
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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
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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!
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