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Goals

Quick-temindenof topics covered last time
What is Feature Selection for glassification?
Why feature selection is important?

What is the filter and what/is the wrapper approach
to feature selection?

Major Feature Selection'Methods in Bioinformatics

How do we approach the feature selection problem in
DSL research?

Example application in drug R&D




Topics Cevered Previously

What4S Machine Learning (ML)? How is it different
than Statistics and Data Mining™

Example applications of ML in: drug development,
bioinformatics, and\clinical problemareas

Difference between supewised and unsupervised ML
methods

Theoretical basis of supervised Inductive ML
How can ML methods fall




Topics \Covered Previously CNT'D

@ Decision Tree Induction (kab with Seeb)

@ K-Nearest Neighbors

@& Genetic Algorithms

& Artificial Neural Netwarks (Lab with NevProp)
® Clustering

@ Causal probabilistic Network Induction (Lab
with BN Power Constructor)




What I1s Feature Selection for
classification??

® Glven: a set of predictors (“features”) V/and a
target variable T

@ Find: minimum set F that achieves maximum
classification performance of T




Why featlre selection Is
Important?

® May Improve performance of\classification
algorithm

& Classification algorithmn may not'scale up to
the size of the full feature set either in sample
or time

@ Allows us to better understand the domain
@ Cheaper to collect a reduced set of predictors
@ Safer to collect a reduced set of predictors




Filters vs Wrappers: Wrappers

Say we have predictors A, B, C and.classifier M. We want to
predict T given the smallest possible/subset of {A,B,C},
while achieving maximal performance

FEATURE SET \ CLASSIFIER PERFORMANCE
{AB,C} M 98%
{AB} M 98%
{A,C} T7%
{B,C} 56%

(A} 89%
{B} 90%
{C} 91%
'3 85%
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Filters vs Wrappers: Wrappers

The set of all subsets’is the power set and its size is 2! .
Hence /for large V we cannot do this procedure exhaustively;

Instead we rely on heuristic search of the space of all possible
feature subsets.

. {A,B} 98
{A} 89 {A,C} 77
{A,B}98

B,C}98

{} 85 {B} 90 / (B.C} 56 {A.B,C}
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Filters vs Wrappers: Wrappers

A common example of heuristic search'is hill climbing: keep
adding-features one‘at a time until no further improvement

{A,B}98
» {B,C} 56

{A,C}77
wos/ @8

can be achieved.
. {A,B} 98
{AC} 77

{}85 {A,B,C}98




Filters vs"Wrappers: Filters

In the filter-approach we do not rely. on running a particular
classifier and searching in the space of feature subsets;
Instead we select features on the basis of statistical properties.
A classic example Is univariate associations:

FEATURE ASSOCIATION WITH TARGET
Threshold gives
{A} 89% _ suboptimal solution
{B} 90% Threshold gives
> | optimal solution

{C} 91% Threshold gives
" suboptimal solution




Major Feature Selection Methods In
Bioinformatics: Univariate Association
Filtering

® Qrder all predictors accopding to strength of
association with\target

& Choose the first k predictors and\feed them to
the classifier

@ Various measures of association may be
used: X?, G2, Pearson r, Fisher Criterion
Scoring, etc.




Major Feature Selection Methods In
Bioinfermatics: Recursive Feature
Elimination

Filter algorithm'where feature selection is done as
follows:

CI

build linear Support Vector Machine classifiers using V
features

compute weights of all features and choose the best V/2
repeat until 1 feature is left

choose the feature subset that gives the best performance
give best feature set to the classifier of choice.




Major Feattire Selection Methods In
Bioinformaticsy GA/KNN

® /Wrapper approach whereby:
1./ heuristic search=Gengtic Algerithm, ‘and
2. classifier=KNN




How do we approach the feature
selection problem in DSL research?

@ (Reminder) Definition:

e The Markov Blanket of some variable of interest T (*MB(T)")
IS the set of the'immediate causes,.immediate effects, and
Immediate causes of the immediate effects of T.

Note: C causes T, T causes | ,etc.




A Crucial property of the Markov Blanket

e MB(T) is_the minimal set of predictor variables needed/for
classification\(diagnosis, prognosis, etc.) of the targe

variable T
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So the Feature Selection Problem
Statement Becomes:

® Goal:
e Given: Data (observations of T/ and a set of variables V)
e Find: MB(T)




Traditzronal MB Induction

@ Previously MB(T) could bediscovered using a
full-network induction algorithm, or various
heuristic procedures

@/ The state-of-the-art (full-network) algorithms try to learn
the whole network and are not tractable for large

networks




New Scalable Algorithms for Learning/MB

Characteristics of newly-developed algorithms :

Sound given broad and well-definedvassumptions
Scale up to hundreds of thoysands of variables

Quality of output insensitive to errors in learning about the
rest of the variables

Computational performance insensitive to structure beyond
the target T

Behave well when confounders are not observed




Example-application in drug R&D

@ Task: given 139,351 molecular
structural properties classify molecules
according to whether they bind to
thrombin (and thus are good candidates
as anti-clotting agents) [KDD Cup 2001,
DuPont Pharmaceuticals]




Thrombin-Task: Data Splits

50F ACTVEIN
DATASET SEEMOFs) ACVE WACIVE ST
TOTAL 50 4/ w3 76
TRAIN 00N Bl 189 76
TRANTRAN 13000 @ 1210 69
VALDATION ~ 700(3) o 69 87

TEST 53 4 5P 76




ThrombinFask: Performance

|AMB (M IAMB Chunked (MI,  MMMB (MI, Th=0.01,
- Th= uum) T=0.0143, 14 [:hunks) ICundI— Uak RFE Al

......... 6.9150%

Humhr of
features 200 g70d 139351




Thrombin Jask: Parallelization

AL ORITHM TOTAL TIME HOTES
HES]
LAME Tl 1 CPU, dat mosparce amay, 128ME BAM, 600 M Hz

Chozrdce d LAME 659 1 CP, datn i dense sy,
PIIT (100
Fire-Orh Paralk ] LAME 1.5 14 CPTz,
IiH= BT (100
Fire - Grah Paralk ] LAME 1. 14 CPU:, dita i detice amma
distritaate d data IH= PIO {100°
Cloxdeed Paralle] LAME 153 14 CPU:, data I dense ammy
IiHz I { 10075 load)
Clomrded Parallel LaME 153 14 CPU:, data i dense armm B RAR 400
distritaate d data IiiHz T { 100%: load)




Filters vssWrappers: Which Is Best”?

® None over all possible classification tasks!

® We can only prove that/a specific filter (or
wrapper) algorithm for'a specific\classifier (or
class of classifiers), and a specific\class of
distributions yields optimal or sub-optimal
solutions. Unless we provide such proofs we
are operating on faith and hope...




What is the.btological significance of
conststently selected features?

® |[n MB-based feature selection and CPIN-
faithful distributions: causal neighborhood of
target (i.e., direct'causes, direct'effects, direct
causes of the direct effects of target).

® |n other methods: 27?7?
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