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Goal

Thepurposeof this tutorial is:

Â To help participantsdevelopa solid understandingof someof the most

usefulmachinelearningmethods.

Â To give severalexamplesof how thesemethodscan be applied in

practice,and

Â To provide resourcesfor expanding the knowledge gained in the

tutorial.
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Outline
Part I: Overview and Foundations

1. TutorialOverviewandgoals

2. Importance of Machine Learning for discovery and decision-support system 
construction 

3. A framework for inductive Machine Learning  

4. Generalization and Over-fitting 

5. Quick review of data preparation and model evaluation

6. Families of methods

a. Bayesian classifiers 

break

b. Neural Networks 

c. Support Vector Machines

break

7. Quick Review of Additional families

a. K-Nearest Neighborhs, 

b. Clustering, 

c. Decision Tree Induction, 

d. Genetic Algorithms
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Outline (contôd)

Part II.More Advanced Methods and Case Studies

1. More Advanced Methods

a. Causal Discovery methods using Causal Probabilistic Networks

b. Feature selection

break

2: Case Studies

a. Building a diagnosticmodelfrom geneexpressiondata

b. Building a diagnosticmodelfrom massspectrometrydata

c. Categorizingtext into contentcategories

break

d. Discoveryof causalstructureusingCausalProbabilisticNetworkinduction(demo)

3. Conclusionsandwrap-up

a. Resourcesfor machinelearning

b. Questions& feedback
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Definitions & Importance of 

Machine Learning
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A (Simplified) Motivating 

Example

ÂAssume we wish to create a decision 

support system capable of diagnosing 

patients according to two categories: Lung 

Cancerand Normal.

ÂThe input to the system will be of array 

gene expression measurements from tissue 

biopsies.
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A (Simplified) Motivating 

Example

ÂLittle is currently known about how gene 

expression values differentiate human lung 

cancer tissue from normal tissue.

ÂThus we will use an automated approach in 

which a computer system will examine 

patientsô array gene expression 

measurements and the correct diagnosis 

(provided by a pathologist). 
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A (Simplified) Motivating 

Example

ÂThe system will produce a program that 
implements a function that assigns the 
correct diagnosis to any pattern of array 
gene expression data to the correct 
diagnostic label (and not just the input-
output patterns of the training data).

ÂThus the system will learn (i.e., generalize) 
from training data the general input-output 
function for our diagnosis problem. 
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A (Simplified) Motivating 

Example

ÂWhat are the principles and specific 
methods that enable the creation of such 
learning systems?

ÂWhat flavors of learning systems currently 
exist?

ÂWhat are their capabilities and limitations?

éThese are some of the questions we will be 
addressing in this tutorial
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What is Machine Learning(ML)? How is it different 

than Statisticsand Data Mining?

Machine Learning is the branch of Computer Science (Artificial 

Intelligence in particular) that studies systems that learn.

Systems that learn = systems that improve their performance with 

experience. 
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What is Machine Learning(ML)? How is it different 

than Statisticsand Data Mining?

Typical tasks: 

V image recognition, 

V Diagnosis,

V elicitation of possible causal structure of problem domain,

V game playing, 

V solving optimization problems, 

V prediction of structure or function of biomolecules, 

V text categorization, 

V identification of relevant variables, etc.
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Indicative Example applications of ML in 

Biomedicine

Bioinformatics

Å Prediction of Protein Secondary Structure  

Å Prediction of Signal Peptides  

Å Gene Finding and Intron/Exon Splice Site Prediction

Å Diagnosis using cDNA and oligonucleotide array gene 

expression data

Å Identification of molecular subtypes of patients with 

various forms of cancer

Clinical problem areas

Å Survival after Pneumonia (CAP)

Å Survival after Syncope

Å Diagnosis of Acute M.I.

Å Diagnosis of Prostate Cancer

Å Diagnosis of Breast Cancer

Å Prescription and monitoring in hemodialysis

Å Prediction of renal transplant graft failure 
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Importance of ML: Task Types

Â Diagnosis(what is the most likely disease given a set of clinical 

findings?),

Â Prognosis(what will be the outcome after a certain treatment has been 

given to a patient?),

Â Treatment selection(what treatment to give to a specific patient?), 

Â Prevention (what is the likelihood that a specific patient will develop 

disease X if preventable risk factor Y is present?).

ML has practically replaced Knowledge Acquisition for building Decision 

Support (ñExpertò) Systems.
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Importance of ML: Task Types (contôd)

Â Discovery 

ï Feature selection(e.g., what is a minimal set of laboratory values needed 
for pneumonia diagnosis?); 

ï Concept formation (e.g., what are patterns of genomic instability as 
measured by array CGH that constitute molecular subtypes of lung cancer 
capable of guiding development of new treatments?); 

ï Feature construction(e.g., how can mass-spectrometry signals be 
decomposed into individual variables that are highly predictive for 
detection of cancer and can be traced back to individual proteins that may 
play important roles in carcinogensis?); information retrieval query 
construction (e.g., what are PubMed Mesh terms that predict with high 
sensitivity and specificity whether medical journals talk about treatment?); 

ï Questions about function, interactions, and structure (e.g., how do 
genes and proteins regulate each other in the cells of lower and higher 
organisms? what is the most likely function of a protein given the 
sequence of its aminoacids?), etc.
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What is Machine Learning(ML)? How is it different 

than Statisticsand Data Mining?

Broadly speaking ML, DM, and Statistics have similar 

goals (modeling for classification and hypothesis 

generation or testing). 

Statisticshas traditionally emphasized models that can be solved analytically 

(for example various versions of the Generalized Linear Model ïGLM). To 

achieve this both restrictions in the expressive power of models and their 

parametric distributions are heavily used.

Data Mining emphasizes very large-scale data storage, integration, retrieval 

and analysis (typically the last one as a secondary focus).

Machine Learning seeks to use computationally powerful approaches to learn 

very complex non- or quasi-parametric models of the data. Some of these 

models are closer to human representations of the problem domain per se (or 

of problem solving in the domain)
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Importance of ML: 

Data Types and Volume

ÂOverwhelming production of data:

ïBioinformatics (mass-throughput assays for gene 

expression, protein abundance, SNPsé)

ïClinical Systems (EPR, POE)

ïBibliographic collections

ïThe Web: web pages, transaction records,é
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Importance of ML: 

Reliance on Hard data and evidence

ÂMachine learning has become critical for Decision 

Support System Construction given extensive 

cognitive biases and the corresponding need to 

base MDSSs on hard scientific evidence and high-

quality data


