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Machine Learning is Hot
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Where is ‘Statistics’ in all this? 
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Let’s compare search terms on a leading recruitment site

“Machine Learning” “Statistics”



How did we get here?
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Timeline of Statistics and Machine Learning

• 17th Century

– Development of probability theory (Cardano, Pascal, Fermat)

– John Gaunt - Natural and Political Observations upon the Bills of Mortality (1663)

• 18th Century – Introduction of Bayes theorem

• Late 19th and early 20th Century

– Introduction of standard deviation, correlation, linear regression (Galton, K. Pearson)

– Null Hypothesis, Variance (Fisher)

– Type II Error, Statistical Power, Confidence Intervals (E. Pearson, Neyman)

All of these ‘tools’ pre-date modern computing by utilising distributional approaches
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Timeline of Statistics and Machine Learning

• 1951 – First neural network (Minsky & Edmonds) – the SNARC

• 1957 – Invention of the Perceptron  (Rosenblatt)

• 1967 – Introduction of Nearest Neighbour algorithm

• 1970 – Introduction of Backpropagation (Linnainmaa)

• 1975 – Decision Tree algorithm (Quinlan) – ID3

• 1989 - Convolutional neural network used to read digits (LeCun)

• 1992 – Modern Support Vector Machines developed (Boser, Guyon & Vapnik)

• 1995 – Random Forest method proposed (Ho)

• 2003 – Adaptive Boosting (AdaBoost) wins Godel Prize (Freund, Schapire)

• 2011 – Alexnet Deep Learning network (Krizhevsky, Sutskever, Hinton)

• 2016 - Google's AlphaGo program beats professional human player
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The New Terms on the Block
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“My CPU is a neural-net processor; a learning computer.

The more contact I have with humans, the more I learn.”
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But Statistics is still very important



Techniques and Terms
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Statistics vs Machine Learning

Two analytical cultures



Stats Speak vs ML Speak

• Statistics
• Parameters

• Fitting

• Covariate

• Dummy coding

• Regression/Classification

• Density estimation, clustering

• Dependent

• Independent

• Machine Learning
• Weights

• Learning

• Feature

• One hot encoding

• Supervised Learning

• Unsupervised Learning

• Target

• Predictor
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4 broad families of mining (Machine Learning) algorithms*

Type Overview

Statistical Often based on some form of regression – that originate in traditional statistics. Including:
• Linear Regression, Logistic Regression
• Discriminant Analysis
• Structured Equation Modelling/Latent Class (may be confirmatory)
• Generalized Linear Models (GLM)
• Cluster/PCA/Factor

(Core) Machine Learning Derived from research into Information Science and AI. Including:
• Neural - Multi-Layer Perceptron (MLP), Radial Basis Function (RBF)
• Support Vector Machines (SVM)
• Deep Learning
• Self organising maps

Rule Induction
(/Decision Trees)

Rule induction algorithms use criteria from Statistics and Machine Learning to derive rules and trees that make 
predictions including:
• Classification and Regression Trees (CaRT)
• CHAID
• C5
• Gradient Boosted Trees
• Random Forests

Association/Sequence Find Associations and Sequences in the form … IF A and B then C will happen with X% confidence
CARMA, Apriori, SPADE, etc.

*Not an exhaustive list by any means

We used to say only this was 
ML



An Example



• Data from 1994 US Census
• Contains range of demographic and employment related fields
• Goal is to predict whether respondent earns over $50K
• Data is randomly split (50/50) into separate ‘Training’ and 

Testing’ groups 



A Statistical Approach: Binary Logistic Regression



A Statistical Approach: Binary Logistic Regression – note the optional elements that can be added to the analysis output



A Statistical Approach: Binary Logistic Regression – First Output – Large table showing how categorical fields have been 
dummy coded  



A Statistical Approach: Binary Logistic Regression

An Omnibus test – used to check that the final 
model is an improvement over the baseline

Model summary showing increase in fit 
at each step in the Forward LR method



A Statistical Approach: Binary Logistic Regression 

Classification table showing overall classification accuracy at final step



A Statistical Approach: Binary Logistic Regression

Model Coefficients Table



A Statistical Approach: Binary Logistic Regression – note the optional elements that can be added to the analysis

Table showing effect on model if term removed 



A Statistical Approach: Binary Logistic Regression – note the optional elements that can be added to the analysis

Table showing variable not in the equation at each step



A Data Mining/ML Approach: Multiple methods tested using a automatic classifier



A Data Mining/ML Approach: Multiple methods tested using a automatic classifier



A Data Mining/ML Approach: Multiple methods tested using a automatic classifier



A Data Mining/ML Approach: Multiple methods tested using a automatic classifier

Browsing the first (boosted) C5 model, 
we can see that it consists of a series of 
rules that have been generated in 10 
separate passes of the data



A Data Mining/ML Approach: Multiple methods tested using a automatic classifier

Each set of rules corresponds to an 
individual decision tree



A Data Mining/ML Approach: Multiple methods tested using a automatic classifier

The LSVM (Linear Support Vector Machine) – shows a predictor importance chart and a series of coefficients or 
“feature weights” similar to a statistical model – but not much else in the way of detailed output



A Data Mining/ML Approach: Multiple methods tested using a automatic classifier

The (bootstrap aggregated) Neural Network shows information about 
the how often a field was used and the accuracy of the sub-models 
but no details about what those models consist of



The C5 boosted models has the 
highest accuracy on the test group
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Did Statistics get ‘left behind’?

• “Had we incorporated computing methodology from its inception as a fundamental 
statistical tool (as opposed to simply a convenient way to apply our existing tools) 
many of the other data related fields would not have needed to exist. They would 
have been part of our field.” – Jerome H. Friedman from ‘Data Mining and Statistics – What’s the 

Connection’ -1997

• “The statistical community has been committed to the almost exclusive use of data 
models. This commitment has led to irrelevant theory, questionable conclusions, 
and has kept statisticians from working on a large range of interesting current 
problems. Algorithmic modeling, both in theory and practice, has developed rapidly 
in fields outside statistics. It can be used both on large complex data sets and as a 
more accurate and informative alternative to data modeling on smaller data sets.” –
Leo Breiman from Statistical Modeling: The Two Cultures - 2001



Why Machine Learning matters
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Why Machine Learning?

• Certain difficult problems can only be properly addressed with ML

• There are many situations where accuracy is king

• It’s often much more flexible than statistical approaches

– E.g. Neural Networks are not bound by algebraic equations in the same way the 

Regressions are

• It’s where the majority of R&D is focussed

• It is at the heart of hard AI applications

• Because we can. We often have data that is more like the population now. So we don’t need 

samples.



Why Statistics still matters
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Why Statistics?

• ML is usually a sledgehammer when you need a nutcracker

• There are many situations where transparency is king

• Making inferences about populations from samples is by far the most common 

analytical problem that people deal with

– To answer a lot of questions we only have samples of data e.g. most ad-hoc 

surveys, clinical trials and scientific experiments

• Statistics is still ‘The Science of Variation’ – it’s how new things are discovered in data



What can we expect in the future?
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Future Predictions

• We see a growing issue in the availability of statistical expertise on the supply side

• ML and AI will continue to grow … and the, arguably purist, distinction between them 

may disappear

• There will be more ML tools available to Citizen Data Scientists e.g. line of business

– Cloud-based, often niche and through smarter/simpler User Interfaces

• There will be more productivity and automation 

– There is currently a preponderance of tools that claim to automate data preparation 

for example 


