
Welcome to the Webinar
Part II: Combining Optimization with Machine Learning 
for Better Decisions



Speaker Introduction

• Dr. Michael Watson

• Managing Partner at Opex Analytics

• Recognized leader in analytics and supply chain optimization

• Michael was an early employee and leader at LogicTools

• While at IBM, he was the worldwide business leader for network design, 
inventory and routing solutions

• Co-author of ”Managerial Analytics” and “Supply Chain Network 
Design”

• Adjunct professor at Northwestern University teaching graduate level 
courses within the Master in Engineering Management and the Master 
of Science in Analytics programs
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Speaker Introduction

• Sam Hillis

• Sr. Data Scientist at Opex Analytics

• Areas of expertise include deep learning, sensor analytics, 
forecasting and big data

• Earned a Bachelor of Science in Mathematics from the University 
of Illinois and a Master of Science in Analytics from Northwestern 
University

• Sam’s work at Opex has resulted in development of customized 
solutions predicting hourly changes in energy pricing, and 
frameworks for the real-time visualization and analysis of machine 
sensor data
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Topics we plan to cover today

1
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Machine Learning– management overview

2 Machine Learning – how it complements optimization

3 Machine Learning – learning through a case study

4 Useful tools and packages
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Where Machine Learning Fits in Analytics
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Descriptive
Reports

Drill Down
Visualization

Predictive
Machine Learning

Simulation
Forecasting

Alerts

Prescriptive
Optimization

Stochastic Opt



INTUITION

What is Possible with Machine Learning?

Google Translate Self Driving Cars



INTUITION

Why can machine learning algorithms do better

Simple Regression
Source:  https://statweb.stanford.edu/~tibs/ElemStatLearn/printings/ESLII_print10.pdf



INTUITION

Why can machine learning algorithms do better

Machine Learning can tease out patterns
Source:  https://statweb.stanford.edu/~tibs/ElemStatLearn/printings/ESLII_print10.pdf



INTUITION

What do we mean by “Learning?”

How do I find bad potato chips?
Rules Based (not learning):

Build equations of all cases of what a bad chip 
looks like

Problem:  Too many rules, takes too long, I still miss 
a lot; not flexible

Learning (as in machine learning)

Provide a database of pictures of chips with a 
label of “good” or “bad.”  The algorithm, not 
a person, figures out the rules– that is the 
learning.



TYPES

Supervised Learning
Classification

(non-quantitative data)

Regression
(quantitative data)

How to classify Machine Learning problems

Learning
Taking a set of data and building a 
prediction model with it

Unsupervised Learning
Clustering

(non-quantitative data)

Density Estimation
(quantitative data)

Unsupervised Learning
The data does not have labels on it

Supervised Learning
You have some labels for the data (you 
know what category it is in, you know 
what results it led to)



UNSUPERVISED LEARNING

This is how we got “soccer moms”
Unsupervised learning can uncover new insights



UNSUPERVISED LEARNING

http://www.ibm.com/ibm/cioleadershipexchange/us/en/pdfs/Friesen.pdf

Best Buy and Unsupervised learning



SUPERVISED LEARNING

Predicting Market Sales with External Data 
and Feature Engineering

TIME SERIES DATA

OTHER FEATURES



SUPERVISED LEARNING

Predicting Prices in the trucking market

Source: http://opexanalytics.com/labs/pricing-logistics-services/ 



SUPERVISED LEARNING

You have Your customers have 
You can accelerate machine learning with more data



SUPERVISED LEARNING

Using predictive models to find bad potato chips

Chips move at 
a high speed on 

the line

Pictures are 
taken

Pictures are 
classified based 

on K-NN 
algorithm

“Bad” Chips are 
blown away

1 2 3 4

Source: http://www.econtalk.org/archives/2011/08/odonohoe_on_pot.html (at the 16:47 mark) 
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The typical modeling framework
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1
Data Preparation

(simplification)

2
Parameter 
Preparation

3
Model 1

(the engine)

4 Model 2
(the engine)

Enhanced with ML 
or 

Enhanced with Optimization

Enhanced with ML 
or 

Enhanced with Optimization

ML 
or 

OR model

ML 
or 

OR model

Optimization experts may 
already be familiar with 

Multi Stage Optimization 
problems



Machine Learning: Cut problem size
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Clustering 
(K-means, hierarchical, etc.) 

Factor Analysis
(Principal Component Analysis, etc.) 



Machine Learning: Cut problem size (clustering)
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Option 2: Unsupervised Learning Model

Pros: Fast, Multiple features

Cons: May not be ‘optimal’ 

Option 1: Optimization Model 

Pros: Exact Answer

Cons: Single feature 



Machine Learning: Automated Parameters 
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An online retailer has to worry 
about millions of products 

Demand by week

Lead Time by Product
What are the trends in lead 
time data?

For the example above we have used 
Gaussian Mixture models to separate 

“Peak” from “Non Peak” months

Source: http://scikit-learn.org/stable/auto_examples/mixture/plot_gmm_pdf.html



Machine Learning: Forecasting (to feed Optimization) 
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Generally successful techniques
1. Ensemble
2. Random Forest
3. SVM 

ENTERPRISE DATA



Machine Learning: Forecasting (to feed Optimization) 
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ML better than ERP APS Status Quo 
algorithms for 78% of the portfolio

Consistent results across portfolio at 
various stages of product life cycle

Fast Moving

Volatile

Seasonal

CPG CASE STUDY



Topics we plan to cover today

1
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Predictive Analytics – the basics

2 Machine Learning – how it complements optimization

3 Machine Learning – learning through a case study

4 Useful tools and packages



Case Study – Set up 
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Non asset based trucking company

Objective: Use past wins to predict competitive trucking rates on lanes nationwide in the US

1000s of lanes in 
the country

Agents are 
responsible for 
quoting customers

Historic data 
available only on 
booked lanes

The predicted rates 
provides agents a 
guidance



Case Study – Some of the feature ‘families’
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FLOW

CALENDAR
LOAD

RATE

AGENT

CUSTOMER

DISTANCE

Inflow/Outflow Ratio 
mattered

Commission 
mattered

Inflow/Outflow Ratio 
mattered

Did not matterDid not matter



Case Study – Modeling Steps
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1. Aggregate the 
locations to 
manageable 
‘markets’

2. Calculate 
Features for 
Machine Learning

0. Prepare data for 
modeling 
(distances, etc.)

Approaches:
• Optimization 
• Clustering 

3. Dimensionality 
Reduction of 
Features

4. Build & validate 
predictive model for 
baseline rates using 
machine learning

5. Built Network 
model to calibrate 
baseline rates for 
network imbalances 

Approaches:
• Random Forest
• Ensemble

NON ASSET COMPANY

Approach:
• Network model 

(Linear Programming) 

ASSET COMPANY

Approaches:
• Principal 

Component 
Analysis



Case Study – Projection 
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Haversine calculation (“great circle distance”) is slow, use ECEF projection instead



Case Study – Load Data
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Load data



Case Study – Apply Projections
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Apply conversion; take note of how zip and apply are used



Case Study – Clustering 
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Load KMeans modeling object and create model



Case Study – Clustering (continued) 
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Fit model to x-y-z coordinates



Case Study – (Alternate) MIP Approach
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Source:  book, Supply Chain Network Design



Case Study – Segmentation Results
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Case Study – Feature Engineering
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Create feature tracking DataFrame



Case Study – Feature Engineering (continued)
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To get a count of the number of loads ending in a cluster in the last 15 days, begin by merging dataset on itself 



Case Study – Feature Engineering (continued)
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Filter to get relevant date range



Case Study – Feature Engineering (continued)
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Group by freight bill and get total count



Case Study – Feature Engineering (continued)
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Group by freight bill and get total count



Case Study – Split Data
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Split up data for model building

Train Validation Test
20 days80 days 20 days



Case Study – Dimensionality Reduction
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Perform dimensionality reduction on dataset



Case Study – Dimensionality Reduction
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Original Dataset

Transformed Values



Case Study – Model Building and Validation
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Create variables for model building



Case Study – Model Building and Validation
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Build model with all combinations of parameters



Case Study – Model Building and Validation
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Check out R-squared for each model on the validation set



Case Study – Model Building and Validation
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Rebuild model with both training and validation using best set of parameters and run test through it



Topics we plan to cover today

1
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Machine Learning– management overview

2 Machine Learning – how it complements optimization

3 Machine Learning – learning through a case study

4 Useful tools and packages



Useful Tools and Packages: NumPy
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Data Analysis Data Visualization

Data Access Computation Deep Learning



Useful Tools and Packages: Pandas
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What is it?
Library adding support for DataFrames – column oriented data 
structures

Why is it important?
• DataFrames are an essential tool for data analysis in Python
• Toolkit for aggregating, transforming, and manipulating data 

indispensable for model preparation
• Easy to learn, great for non-programmers or spreadsheet-

oriented analysts



Useful Tools and Packages: Sci-kit Learn
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What is it?
Go-to package for machine learning algorithms

Why is it important?
• Contains massive set of tools for data analysis and learning 

including:
• Cross-validation and model selection
• Feature extraction and data preparation
• Unsupervised learning (clustering, PCA, etc.)
• Supervised learning (linear models, ensemble methods, svm, etc.)



Thank you for joining us
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• If	you	haven’t	already	done	so,	please	register	at http://www.gurobi.com
• Visit http://www.gurobi.com/downloads/get-anaconda to	try	Gurobi and	Python	for	yourself.
• For	questions	about	Gurobi pricing	contact sales@gurobi.com or sales@gurobi.de.
• A	recording	of	this	webinar,	including	the	slides,	will	be	available	in	roughly	one	week.

For	other	Opex Analytics	Academy	led	sessions	check	out	http://www.opexanalytics.com/academy/


