Biology 644

Old Title: Bioinformatics for Molecular Biologists

Potential New Title: Integrated Bioinformatics
Using R for Both Wet and Dry Scientists

Cluster Analysis

A An unsupenvised machinellearning-problem

A I setof instich i ineth: l
similar (in somessense onanathei) eachatiizrthan to thoseiinmthersgroupsd(olitste)s

A Requiressalistancemettic(or distancefunctian) to quantify similarity
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Hard and Soft Clustering
A Hard clustering
A Eadhobject is assignéddaoneranshonhynertuster

A Hierarchiicakl P ipard

A Saft (fuzz) chistEring

A Allows degreescdfr bershipaneh bership inumialtiple
clusters
A G ictbasedtlusteringan bethoththartdhandsoft




Hierarchical (Connectivity) Clustering

A Basetbon the idea of objectslbeingmore related/to nearby objscts than to objeatstarther

away.
A @ b form heircd ! [ taygel
by the maximum dist! needed flifif i
different clusterswiillform
A Canbe representetlusing aierarchicalldendrograrm

A Doesnot provide asingle purtitioningof the dataset Hutii
hierarehy ofid hat merge with €athooth il

A Inadendrogram the y-axls msrs e
are placetalongitbe-axis such than thi

holefamily ef:method ifferiby theywiayances

Eicthé ehustessarrerge; while the olbjjeats
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A Thelinkzgecriterion Is the methetiio computa theltistancglity) to a cluster that consistsof
multiple

Hierarchical (Connectivity) Clustering

irig ¢ the minimum of objeatdistances

inkage clustering+the maximum of ehjectdistances

L i LwwitheAvi ioMean”salserk

liitkegechistering)o

A Doesmatpreduce aunique partitioning of the dataset b i & bicthth
still need h i
Not robust to outliers, which will €ither showugps: it ! her
clusterstormergdknawn athe "chainingphenomenun’, commonwith singlelinkage
clustering).

A Recqgnizedsthe theoretical foundation of all ch butcoften: bsolete.

Hierarchical (Connectivity) Clustering

A Hierardhicaklustering carbheop-down or bottom-up:

A Top-down (partitioning)

A starts with one group| ¢élbohij Helang torenéuctaster)
A dividesiitinto iximizeiwithigrgrougimilarity

Bottom-up (agglameraive)

A starts with sey tlusterdoeeachiobject
A in eadhsstepriveo isinilaciob adetermined antl Jiinio
new dluster




Single Linkage Clustering
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Single Linkage Clustering Examples
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Distance Function

Ametricdonaset X d: Xx ¥ - Ry (where Ris the setdifreal numibisrs)
Forallx, y, zin X, this fi i i eelct 60 fytth

RoEZ0 280 X 1 (non-negativity, or separationsaxion)

d(x, y)=00 ifikand@nly if 3y y(ideatity of indiscermibiles; or ogingiteneaaxiom)

d(x, y)=diyxx) o (symmeny) .

BG £ 2d(x,ly)o- d(vK) RO E X(sutiadditivity / Rionglinedusiity).
e o henpraducensitive definitenesss Theff lied:pyith
others.
A iciisulvametric If it i higriangle inequalty
where poi falk

A Forbilt y, X dpx@zFs mbx(dik, Y), v, B) ROEZ 10 X YFHEOROEZ

A metricdl Jletherinzic if any two poi ickyyirink ineg by ave with
length arbitrarily closertoid(xyy).




Example Distance Functions

A EudlidearMetric

d(p,q) = d(g,p) = o - ) + (a2 = p) + -+ (g —pl? = | 3 (0 - pi)®

i=1

.
A Manhattan (taxicatyyMetric  ip.a} = [p—al = ¥ In — @l

Clustering with Bootstrapping
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Figure 2. relationship and bootstrap value among and within different clusters in

Cassiinae as revealed from RAPD, ISSR and AFLP data.

Centroid-based Clustering

A Clustersare representetbpy aeitr:
data set.

wtisr; which b el fthe

A When the number ef clustersssifixedota, k- means cilistering givesarformatidefinitioras an

optimization problem:
A find the ¥ cluste: jets 1o the nearestwlustercenter siichthat
the squavedid et e rsininiped:s
A bservations (K, X%..., X, 5Wh h is I
vector, k-means a s@ick n) 9K {5y, 0

S,7..., S Eoasitominimize the Within-Clustier St

k
argmin ¥ 3 [ -l
L= 3

of all points)in §.

A where p,isthe centroid (mea




K-means Clustering

A Theopti ion problemiitselfiisik h isto
seaighonfyfor pproximate sulitisns
A A commanmethod isLioyd'salgorithm, often referredte as"k-meansatioritim®.
A Findsa local optimum, and iisccommenlyun muitiple timeswith different random
initializations.
A Vai . '
A it belsk edoids)
A Choosingmedians|(-medianscibstecing),
A Cheosi Initial
A Allowing a fuzay-tlusien assignmeitifzy,can
A Mostk i by - to be specifiiediimavance;
which i ; b £ this bi St s,

A Thealgorithmpeetess lusters ol appoximatey sinila
object to the meatesteentraidT Thisfofterrieads tocorr
clusters.

asttheywiillalways assigman
ctly cut burdirsin between @f

K-means Clustering Examples

K-means Clustering Examples
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Distribution-based Clustering

A ol i hj i i heamedisttibutiom

A Anice property «f i ishthat blological data sets ate
generaded:tysampling randdm objicts from a distribution.

A A h e fr@roverflting, unl puiroththe miedel
complexity.
A Armore complexamoditwilll usually ahwaysbe lledxplsin the dirsbertss; which makes
diel i diffioult.
A o hotiiis feeGaussianmnidreanodel
A The data setii y th tfixod(t fitting) number oG

distributions that are Initialized randsimllyand whoserpasameters ara dierativel
optimized to fit better to the datasset.

A Convergedo a local aptimunm, $omultiple runs may prodiuceddifierent cesits.

A Typicallywsesthexpectstion maximizarion (E) algorithm

Gaussian Mixture Models

Comparison 1: Single Linkage Clustering Examples
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Comparison 2: K-means Clustering Examples
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Comparison 3: Gaussian Mixture Models
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